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IDENTIFICATION AND LOCALIZATION OF HIGH IMPEDANCE
FAULTS IN DISTRIBUTION NETWORKS

SUMMARY

High impedance faults continue to pose significant challenges in ensuring reliable
power systems due to their low fault currents and complex characteristics. HIFs can
occur in various scenarios, such as when a live conductor breaks and either contacts
the ground or nearby trees touching an energized overhead line conductor. These faults
usually generate fault currents with lower amplitudes than the threshold values set for
protection systems and are largely undetectable by traditional protection equipment.
Due to their arcing nature and difficulty in detection and location, high impedance
faults have the potential to cause fires and damage network equipment. Therefore, they
pose serious risks not only for energy distribution companies but also for human and
environmental safety.

This situation has prompted researchers to focus on high impedance faults for over
forty years. To date, numerous studies have been conducted to explore and mitigate
HIF-related problems caused by high impedance faults. However, a universal solution
for detecting or locating HIFs remains absent. Therefore, an economical and applicable
solution, especially for the localization of HIFs, was sought within the thesis while
enhancing the understanding of HIFs.

In the early years, when the subject was studied, there was limited information
available about the behaviors of HIFs. This led all early studies on the subject to use
signals obtained from laboratory tests or staged faults in the field. Through these
efforts, researchers were able to analyze actual fault signals and identify the key
characteristics of HIFs. Once these unique behaviors were recognized, models that
replicate one or more behaviors of HIFs were proposed. Most subsequent studies have
utilized these proposed models to identify or locate HIFs. There are two main reasons
for this. First, conducting field and laboratory tests can be quite challenging. The other
is that many scenarios can be explored within a simulation environment using HIF
models, which can be easily adapted to fit various distribution networks through
simple modifications. However, it is essential to employ accurate and complete models
to examine clearly the influences of such faults. Thus, the thesis presents a detailed
explanation of HIF characteristics and proposed HIF models with their represented
behaviors in chronological order after the introduction section.

After examining and clearly understanding the fundamental concepts of HIF, the thesis
shifts its focus to studies related to the detection and localization of HIFs within power
systems. Comprehensive literature reviews were conducted for both topics. The
proposed methods were described in detail, considering all key indices, such as system
changes, noise conditions, test networks, and the HIF model. In addition, detection and
localization techniques were categorized and compared within their classes,
emphasizing their pros and cons. Finally, outcomes from the analyzed articles were
addressed under the literature review section.

XXV



In the third section of the thesis, the HIF experiments carried out in Istanbul Technical
University Fuat Kiiliink High Voltage Laboratory are described in detail. While the
main characteristics of HIF have been outlined in existing literature, it is crucial to
assess whether these fault characteristics are observed consistently in real fault
scenarios. Therefore, extensive laboratory experiments on HIF were designed and
executed on various contact surfaces to capture realistic HIF signals. Due to the
limitations of the experimental setup, the amplitudes of HIF currents obtained in the
laboratory are typically lower than those of a fault observed in the field. However, by
scaling the relevant signals as described in Section 4 and using them in simulations,
the drawbacks of utilizing signals obtained from experimental tests have been
eliminated. Through the analysis of the fault data collected from the laboratory
measurements, a deeper understanding of the nature of HIF was achieved while the
documented characteristics of HIF were validated.

After performing a literature review and laboratory experiments, two different feature
approaches for HIF detection were tested and compared by utilizing HIF signals
captured in the laboratory. According to the literature, most published detection
methods have yielded promising outcomes, while machine learning methods have
demonstrated superior accuracy. Therefore, in addition to employing a different set of
input features, two distinct machine-learning algorithms were analyzed in the thesis.
Furthermore, events exhibiting similar characteristics to HIFs, along with HIF signals
obtained in the laboratory and modeled, were included in the simulations to verify the
effectiveness of the methods. The study also examined how different configurations
of machine learning techniques, various mother waves, and varying noise levels affect
the results. Findings indicated that the ANN algorithm produced more accurate
detection results for noisy and clean signals, while the standard deviation approach
used as input features outperformed the energy sum approach. However, it was
observed that both using HIF signals obtained in a laboratory environment and adding
noise to the signals caused a reduction in the overall performance of the methods.

After studying distinguishing HIFs from other faults, which is the first step before
localization, the thesis focuses on pinpointing the location of HIFs accurately.
According to the conducted studies, there have been relatively few studies on locating
HIFs compared to distinguishing them. Approximately 80% of studies have employed
either impedance-based methods or machine learning techniques to pinpoint the exact
location of HIFs. In recent years, machine learning methods that utilize features
extracted from voltage and current signals have gained popularity due to their lower
error rates. However, none of these studies have implemented any feature selection
method or provided a rationale for their chosen features. Therefore, it is aimed to
investigate the influence of feature selection techniques on HIF localization in the
thesis. In this context, firstly, current waveforms of high impedance faults were
obtained with the help of simulation studies. Then, a seven-level discrete wavelet
transform was applied to the current signals, and five statistical parameters were
calculated for each wavelet coefficient, resulting in a total of 40 features. These
statistical parameters are standard deviation, variance, skewness, kurtosis, and the sum
of energy content. Feature selection methods were then applied to the created feature
pool, and the performance of ANNSs trained with the selected feature subsets was
evaluated. The features proposed from each feature selection method were tested 250
times on artificial neural networks, and the averages of all results were taken into
account in the evaluations. Based on the comparisons, wrapper methods outperformed
others when the ANN settings were the same. However, features chosen by the random
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forest method consistently achieved lower error distances across different ANN
configurations and demonstrated higher accuracies in test data, even under noisy
conditions. Overall, all feature selection methods successfully reduced computational
complexity and enhanced accuracy, even in noisy conditions. Furthermore, it was
observed that these methods could successfully identify significant and irrelevant
features within the data.

Following an assessment of available detection and localization methods by aiming to
complete the missing areas in existing publications, this thesis proposes a new data-
driven HIF location method that can identify the faulty branch associated with HIF
and accurately pinpoint its location in a distribution network. This innovative method
utilizes the traveling wave approach, Discrete Wavelet Transform (DWT), and
machine learning technique. Since ANN is used commonly in localization studies, the
proposed methodology incorporates this method as the chosen machine learning
method. Normally, estimating the fault distance accurately using traveling wave
methods requires identifying each reflected and refracted traveling wave. However,
using this method directly can be challenging, especially in distribution networks with
multiple short branches. Therefore, the proposed method utilizes information from a
certain number of selected traveling waves that can be easily distinguished from the
current signal in ANN. By employing this selection process alongside a combination
of traveling wave and machine learning techniques, the aim was to overcome certain
weaknesses of each method. The proposed approach has been evaluated across
multiple scenarios, considering different inception angles, machine learning
techniques, load variations, extreme conditions, and distribution networks to validate
its robustness and efficiency. The findings indicate that the proposed method exhibits
high accuracy in detecting the faulty network branch and has a minimal error rate in
calculating the distance of the fault location.

XXVii






DAGITIM SEBEKELERINDEKI YUKSEK EMPEDANS ARIZALARIN
TESPITI VE KONUMUNUN BELIRLENMESI

OZET

Yiiksek empedansh arizalar, diislik ariza akimlar1 ve karmagik 6zellikleri nedeniyle
giivenilir gii¢ sistemlerinin saglanmasinda onemli zorluklar olusturmaya devam
etmektedir. Yiiksek empedans arizasi, enerjili bir havai hat iletkeninin kopup zemine
temas etmesi veya yakindaki agaglarin enerjili bir havai hat iletkenine temas etmesi
gibi cesitli senaryolarda meydana gelebilmektedir. Bu arizalar, genellikle koruma
sistemleri i¢in belirlenen esik degerlerinden daha diisiik genlikli ariza akimlar
tretmekte olup geleneksel koruma donanimlarina tarafindan biiyiik oranda tespit
edilememektedirler. Yiiksek empedans arizalarinin, ark ile iligkili olmas1 ve tespiti ile
konumunun zor belirlenebilmesi nedeniyle yangin ¢ikarma ve sebeke donanimlarina
zarar verme potansiyeline sahiptirler. Bu nedenle sadece enerji dagitim sirketleri igin
degil insan ve ¢evre giivenligi acisindan ciddi riskler olusturmaktadir.

Bu durum aragtirmacilart kirk yildan uzun siiredir yiiksek empedans arizalara
odaklanmaya yoneltmistir. Giiniimiize kadar yiiksek empedans arizasi kaynaklh
sorunlari tespit edip, azaltmay1 amaclayan ¢ok sayida ¢aligma yapilmistir. Ancak, bu
arizalar1 tespit etmek veya konumunu belirlemek i¢in halen evrensel bir ¢éziim
bulunamamaistir. Bu nedenle, tez kapsaminda bir yandan yiiksek empedans arizalarinin
daha 1y1 anlasilmasi saglarken bir yandan da 6zellikle konumunun noktasal olarak
belirlenmesi i¢in ekonomik ve uygulanabilir bir ¢6ziim aranmugtir.

Konunun calisildig: ilk yillarda yiiksek empedans arizalarinin davranislar1 hakkinda
bilgi eksiklikleri bulunmaktaydi. Bu da konuyla ilgili yapilan tiim erken ¢aligsmalarin
laboratuvar testlerinden veya sahada bilerek olusturulan arizalardan elde edilen
sinyallerin kullanilmasi yol agti. Bu ¢alismalar sayesinde arastirmacilar gercek ariza
sinyallerini analiz edebildiler ve yiiksek empedans arizalarinin temel 6zelliklerini
belirleyebildiler. Bu benzersiz davranislar tespit edildikten sonra ise, yliksek empedans
arizalariin Ozelliklerinden bir veya birkagini yansitacak modellemeler onerildi.
Sonraki ve giiniimiizde yapilan ¢aligmalarin bir¢cogunda yiiksek empedans arizalarini
tespit edebilmek veya yerini belirlemek i¢in onerilen bu modeller kullanildi. Bunun
iki temel nedeni bulunmaktadir. ilki saha ve laboratuvar testlerinin yapilmasindaki
zorluklardir. Digeri ise bir¢ok durumun yiiksek empedans ariza modelleri kullanilarak
simiilasyon ortaminda incelenebilmesi ve yapilacak basit modifikasyonlar sayesinde
ylksek empedans ariza modellerinin her dagitim sebekesine uyum saglayacak sekilde
uyarlanabilmesidir. Ancak bu tiir arizalarinin etkilerini net bir sekilde incelemek i¢in
dogru ve tamamlanmis modellerin kullanilmasi 6nemlidir. Bu nedenle tezde, dncelikle
yiiksek empedans arizalarmin o6zelliklerinin ayrintili bir agiklamasi yapilmis ve
Onerilen yiiksek empedans ariza modelleri yansittig1 6zellikler ile beraber kronolojik
olarak sunulmustur.
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Yiksek empedans arizalar ile ilgili temel kavramlar incelenip net bir sekilde
anlasildiktan sonra, tezde gii¢ sistemlerinde yiliksek empedans arizalarinin tespiti ve
konumunun belirlenmesiyle alakali ¢alismalara odaklanilmistir. Her iki konu igin de
literatiir kapsamli bir sekilde arastirilmigtir. Onerilen yontemlerde degerlendirilen
sistem degisiklikleri, giiriltii durumu, test sebekeleri ve kullanilan yiiksek empedans
ar1iza modeli gibi tiim 6dnemli endeksler dikkate alinarak ayrintili olarak incelenmistir.
Ayrica, tespit ve konum belirleme teknikleri artilar1 ve eksileri vurgulanarak kendi
siiflart i¢inde kategorize edilmis ve karsilagtirilir. Son olaraksa, literatiir incelemesi
baslig1 altinda incelenen makalelerden elde edilen sonuglar degerlendirilmistir.

Tezin iiciincii boliimiinde ise, Istanbul Teknik Universitesi Fuat Kiiliink Yiiksek
Gerilim Laboratuvari'nda gerceklestirilen yiiksek empedans arizas1 deneyleri ayrintili
olarak anlatilmistir. Yiiksek empedans arizalarinin temel 6zellikleri mevcut literatiirde
ana hatlartyla belirtilmis olsa da, bu ariza Ozelliklerinin gercege yakin ariza
senaryolarinda da tutarl bir sekilde gézlenip gézlenmedigini degerlendirmek oldukga
onemlidir. Bu nedenle, gergege yakin yliksek empedans arizalarinin sinyallerini
yakalamak i¢in ¢esitli temas ylizeylerinde kapsamli laboratuvar deneyleri tasarlanmis
ve yiritiilmiistiir. Deneysel kurulumun sinirlamalari nedeniyle laboratuvarda elde
edilen yiliksek empedans ariza akimlarmin genlikleri genellikle sahada gézlemlenen
bir arizaninkinden daha diisiik olmaktadir. Fakat ilgili sinyallerin 4. Baslikta
aciklandigr gibi Olgekleme yapilarak simiilasyonlarda kullanilmalar1 sayesinde,
deneysel testlerden elde edilen sinyallerin kullanilmasindaki bu dezavantaj ortadan
kaldirmistir. Laboratuvar Ol¢limlerinden toplanan ariza verilerinin analizi ile de
yiiksek empedans arizasinin dogast hakkinda daha derin bir anlayis elde edilirken, bu
tip arizalarinin belgelenen 6zellikleri de dogrulanmustir.

Literatlir taramas1 ve laboratuvar deneyleri yapildiktan sonra, laboratuvarda kayit
altina alinan yiliksek empedans ariza sinyallerinden de yararlanilarak yiiksek empedans
arizalarin tespitinde kullanilmasini 6nerilen iki farkli 6zellik yaklagimi test edildi ve
karsilastirildi. Literatiire gore, yayimlanan tespit yontemlerinin ¢ogu Umit verici
sonuclar verirken, makine O0grenimi yoOntemleri {istiin dogruluk gostermistir. Bu
nedenle, degisik Ozellik kiimelerinin kullanilmasina ek olarak iki farkli makine
Ogrenimi algoritmasini da tez igerisinde inceledi. Ayrica, yliksek empedans arizalarina
benzer ozellikler gosteren olaylar, laboratuvar ortainda elde edilmis ve modellenmis
yiiksek empedans ariza sinyalleriyle birlikte, yontemlerin etkinligini dogrulamak igin
simiilasyonlara dahil edildi. Calismada ayrica, makine 6grenmesi tekniklerinin farkli
yapilandirmalarinin, ¢esitli ana dalgaciklarin ve degisen giiriiltii seviyelerinin
sonuclart nasil etkiledigi incelendi. Elde edilen sonuglar, Yapay Sinir Aglari
algoritmasinin giiriiltiilii ve temiz sinyaller {izerinde yiiksek empedans arizalarini diger
olaylardan daha yiiksek dogrulukla tespit ettigini, 6zellik olarak kullanilan standart
sapma yaklagiminin ise enerji toplami1 yaklasimindan daha iyi performans ortaya
koydugu gosterdi. Bununla birlikte gerek laboratuvar ortaminda elde edilmis yiiksek
empedans ariza sinyallerinin kullanilmasinin gerekse de sinyallere giiriiltii
eklenmesinin, yontemlerin genel performansinda bir diisiise yol actig1 gdzlemlendi.

Konum tespiti oncesi ilk adim olan yiiksek empedans arizasinin diger arizalardan
ayrigtirtlmasi ¢aligildiktan sonra, tez igerisinde yiiksek empedans arizalarinin noktasal
konumunun belirlenmesi konusuna odaklanilmistir. Yapilan ¢alismalara gore, yliksek
empedans arizalarini ayirt etmeye kiyasla onlarin konumunu bulmaya yo6nelik nispeten
daha az ¢aligsma yapilmistir. Calismalarin yaklasik %80'1 yiiksek empedans arizalarinin
tam yerini belirlemek icin empedans tabanli yontemler veya makine &grenme
teknikleri kullanmistir. Son yillarda, gerilim ve akim sinyallerinden elde edilen
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ozellikleri kullanan makine 6grenimi yontemleri daha diigiik hata oranlarina sahip
olmalar1 nedeniyle popiilerlik kazanmistir. Ancak, bu ¢alismalardan higbiri 6zellik
secimi i¢in herhangi bir yontem uygulamamis veya sectikleri 6zellikler i¢in bir gerekge
sunmamistir. Bu nedenle tezde 0Ozellik se¢imi tekniklerinin yiiksek empedans
arizalariin konum tespiti lizerindeki etkisinin arastirilmasi amaclanmistir. Bu
kapsamda oOncelikle yiiksek empedans arizalarmin akim dalga formlar1 benzetim
calismalar1 yardimiyla elde edilmistir. Daha sonrasinda ise akim sinyallere yedi seviye
ayrik dalgacik doniigiimii uygulanmis ve her bir farkli dalgacik katsayilari i¢in bes
istatistiksel parametre hesaplanarak toplamda kirk adet 6zellik elde edilmistir. Bu
istatistiksel paremetreler; standart sapma, varyans, c¢arpiklik, basiklik ve enerji
iceriginin toplamidir. Daha sonra olusturulan 6zellik havuzuna, ozellik se¢im
yontemleri uygulanmis ve segilen 6zellik alt kiimeleri ile egitilen yapay sinir aglarinin
sonuclar1 degerlendirilmistir. Her bir 6zellik secme yonteminden Onerilen 6zellikler
yapay sinir aglarda 250 kez test edilmis ve degerlendirmelerde tiim sonuglarin
ortalamalar1 dikkate alinmistir. Yapilan degerlendirmelere gore, yapay sinir aglarinin
yapist ayni oldugunda sarmal yontemler diger 6zellik secimi yapan yontemlerinden
daha iyi performans gostermistir. Ancak, rastgele orman yoOnteminin Onerdigi
Ozelliklerin kullanildig1 durumlarda, farkli yapay sinir aglar1 yapilandirmalari ig¢in
tutarl bir sekilde daha diisiik hata mesafelerine ulagildig ve giiriiltiilii kosullar altinda
bile test verilerinde daha yiiksek dogruluklar elde edildigi goriilmiistiir. Genel bir
degerlendirme yapildiginda ise tiim ozellik secimi yontemleri, giiriiltiilii kosullarda
bile hesaplama karmasikligini basariyla azaltmis ve yontem dogrulugunu arttirmistir.
Dahasi, bu yontemlerin verilerdeki onemli ve alakasiz olarak tanimlanabilecek
Ozellikleri de basariyla ayristirabildigi gézlemlenmistir.

Mevcut yayinlarda eksik kalan alanlar1 tamamlamay1 hedefleyerek, yiiksek empedans
arizalariin tespiti ve konumlandirilmasi kapsaminda yapilan ¢alismalarin ardindan,
tez igerisinde ylksek empedans arizasinin meydana geldigi arizali sebeke dalin1 ve
konumunu dogru bir sekilde hesaplayabilen veriye dayali yeni bir yiiksek empedans
arizasi konum belirleme yOntemi Onerilmistir. Bu yenilik¢i teknik, yiiriiyen dalga
yaklagimi, Ayrik Dalgacik Doniisiimii ve makine 6grenmesi yontemi kullanmaktadir.
Yayinlarda yaygin olarak kullanilmasi nedeniyle onerilen metodoloji icerisinde de
kullanilan makine yontemi olarak yapay sinir aglar1 se¢ilmistir. Normalde yiirliyen
dalga yontemlerini kullanarak ariza mesafesini dogru bir sekilde tahmin etmek i¢in her
yansiyan ve kirilan yiiriiyen dalgay1 tanimlamak gerekmektedir. Ancak bu yontemin
direkt olarak kullanimi 6zellikle birden fazla kisa dala sahip dagitim sebeklerinde
olduk¢a zor olabilmektedir. Bu nedenle, ariza konum mesafesini etkili bir sekilde
tahmin etmek i¢in Onerilen yontemde yapay sinir aglar1 girdisi olarak akim sinyali
tizerinden kolayca ayirt edilebilecek belirli sayidaki segilmis yiirtiyen dalga bilgisi
kullanilmaktadir. Bu secim siirecini, yiiriiyen dalga ve makine 6grenimi tekniklerinin
kombinasyonunu ile birlikte kullanarak her yontemin belirli zayifliklarinin iistesinden
gelmek amaclanmistir. Onerilen yaklasim, saglamhigini ve verimliligini dogrulamak
icin farkli ariza baslangi¢ agilari, makine 6grenme teknikleri, yiikk degisimleri, asiri
yiiklenme kosullar1 ve dagitim sebekeleri dikkate alinarak birden fazla senaryo igin
degerlendirilmistir. Elde edilen bulgular, 6nerilen yontemin hatali sebeke dalim
belirlemede yiiksek dogruluk sergiledigini ve arizanin meydana geldigi yerin
mesafesinin hesaplanmasinda minimum hata oranina sahip oldugu gdstermistir.
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1. INTRODUCTION

An electrical arc flash is a serious electrical hazard that poses significant risks. It occurs
due to discharge between conductors through the air. This discharge produces very
bright ultraviolet light and intense heat during the event. The reason for electrical
arcing mainly lies in the technical failure of the equipment or environmental factors
that create short circuits. Current flowing through the short circuit determines the
difficulties of arc faults. High short circuit current magnitudes can be easily detected
by traditional protection equipment. However, low short-circuit currents often go
undiagnosed by conventional protection schemes. These faults that do not produce
sufficient fault current to detect by protection devices are called high impedance faults
(HIF) [1]. Arc events are often related to HIFs that can occur when the live conductor
breaks and comes into contact with the ground or touches nearby vegetation. In the
case of leaning trees on overhead lines, HIFs may go unnoticed because power delivery
to customers remains uninterrupted, and very few noticeable changes occur in the
signals. Faults may repeat themselves at different times until they are distinguished,
and they may cause fires. The same is also true for broken overhead line conductors.
HIFs, caused by broken conductors, create fault currents below the protection
thresholds. Therefore, traditional protection systems face difficulties while detecting
them. Although they have an undeniable percentage (more than 20%) among all types
of faults in the distribution network, 17.5% of HIFs cannot be detected by traditional
protection methods [1]-[4]. A study [5] provided evidence supporting this claim
through interviews conducted with power line maintenance crews. The study reported
that approximately one-third of broken conductor faults remained energized when the

maintenance crews arrived at the fault location.

The reasons for not discovering and locating such faults are the random behavior of
fault, low amplitude current, and similarities with other events. In most cases, HIFs
produce significantly lower currents than the threshold values of protection devices.
Figure 1.1 describes the current profile within a standard distribution network.
When the figure is investigated, it can be seen that the amplitude of the HIF current is



almost identical to the regular loads in the network. This resemblance challenges its
differentiation from standard load conditions at the substation. Therefore, traditional
substation protection devices may struggle to identify HIFs if they rely solely on

amplitude for detection.
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Figure 1.1 : Typical current profile in 12.47 kV network [6].

The HIF currents vary based on the type of contact surface, and their magnitude
fluctuates due to weather, moisture, and chemical reactions. This situation creates
random behavior characteristics of HIFs that complicate their detection and
identification. The similarities of HIF with other events, such as capacitor bank

switching and non-linear loads, make it also challenging to detect. The occurring



currents of these events are similar to the characteristics of HIF currents, which can
lead to false detection. These findings emphasize the necessity for enhanced detection
and localization methodologies to identify HIF events. As a result, researchers have
focused on HIFs for over 45 years [7], [8]. Numerous studies have been conducted on
HIFs [9], [10]; however, a comprehensive solution for reliably identifying and locating

all HIFs is still missing.

1.1 Motivation

HIFs generally do not lead to serious disruptions in the normal functioning of the
networks. However, broken live conductors and tree branches touching the live
conductors can present a significant risk to the surroundings and people. Arcing, which
occurs during HIFs, can start fires. Moreover, HIFs also create power quality problems
due to their non-linear characteristics. Therefore, distinguishing and locating HIFs
became a critical topic for power utilities. The absence of a universal solution for
decades and the growing electrical grids require further studies.

1.2 Research Obijectives

The main goal of the thesis is to model, detect, and locate HIFs in overhead lines of
distribution networks effectively. The following studies were performed to accomplish

these aims.

1.2.1 Understanding the characteristic of HIFs

It's essential to fully understand the fault characteristics of HIFs to detect and locate
them accurately. To achieve this, analyzing faulty signals obtained from laboratory
tests is crucial. Therefore, high-voltage experiments were conducted at the distribution

level in the thesis by considering different types of contact surfaces.

1.2.2 Simulating distribution networks, HIF, and other distribution events.

It is necessary to use various distribution networks to assess the performance of
detection and localization methods. These distribution networks should have branches
and unbalanced loads to imitate actual distribution network conditions. Moreover,

simulating the distribution events having similar characteristics with HIFs is crucial to



ensure the effectiveness of the detection algorithm. Therefore, such events in different

networks were simulated in the thesis.

1.2.3 Verify detection algorithm

Although the main aim is to find a feasible solution for localizing HIFs in the
distribution network, it is essential to differentiate HIFs from other events first.
Therefore, the thesis evaluated the published machine learning-based methods and
their offered features. The obtained results are compared with each other, and the
effectiveness of methodologies is verified by considering the impact of using actual

HIF signals.

1.2.4 HIF localization with feature selection methods

Accurately detecting HIFs is the first step in pinpointing faults and restoring the
network. Once HIFs are detected, it is essential to locate these faults to facilitate
network recovery. Since it is challenging to identify HIF's location through time
domain analysis, extracting distinct features is necessary for HIF localization.
According to existing literature, statistical parameters are commonly chosen as
features to train the machine learning methods while pinpointing HIFs. Nonetheless, a
notable gap in the research is the absence of feature selection strategies and
comparative analyses between various feature subsets. Therefore, the impact of
different feature selection methods is investigated within the thesis by comparing them

based on the error distance.

1.2.5 Develop and validate the localization algorithm

Based on the literature review in the field, a new approach combining the traveling
wave method and artificial neural network was proposed. The method's efficacy was
evaluated on various test benchmarks with different scenarios and compared with other

methods by error.

1.3 Outline of The Thesis

High impedance faults frequently arise in medium voltage networks, particularly in

rural regions where overhead lines are uninsulated. They are caused by unintentional



contact with nearby trees or breaking and touching the ground surfaces. This thesis

examines arcing HIF in medium-voltage networks, studies existing detection and

localization methods and proposes a novel approach for HIF location.

The thesis is organized as follows:

Chapter 1 provides the motivations behind the thesis and an overview of the
thesis objectives.

Chapter 2 presents a comprehensive review of the literature, focusing on the
available HIF detection and localization techniques, as well as the
characteristics of HIFs and their electrical models.

Chapter 3 describes the tests conducted at the ITU Fuat Kiiliink High Voltage
Laboratory. These tests involve a broken overhead line contacting different
surface materials and an overhead line interacting with a tree branch.
Furthermore, the captured HIF signals are analyzed by considering various
voltage levels and surface thicknesses.

Chapter 4 presents a series of extensive simulations. Two distinct input
approaches with two different machine learning methods are examined and
compared to verify their accuracy in distinguishing HIFs from other events.
Simulations considered three databases that contain actual, modeled, or both
types of arcing HIFs to understand their impact on detection.

In Chapter 5, the effect of feature selection methods on the localization of HIFs
was examined by addressing existing gaps in the literature. Subsets of
statistical features obtained through various feature selection methods were
evaluated and compared, both among themselves and against the outcomes
derived from utilizing the entire set of features.

Finally, in Chapter 6, a combined approach utilizing the traveling wave method
and machine learning has been proposed to identify the fault branch and

determine the exact distance of the HIF from the source.






2. LITERATURE REVIEW!

High impedance faults are an ongoing challenge in power system protection. The
power distribution network often experiences arcing HIFs when conductors come into
contact with tree branches or ground surfaces. Such faults produce comparatively low
currents, making them difficult for power system operators to identify using standard
protection devices. Furthermore, an arcing occurring during the HIFs creates a
challenging situation for identifying faults. Therefore, a complete understanding of
HIFs is essential to develop practical solutions. In this content, topics such as
determining characteristics and modeling of HIFs started to get attention, in addition
to the detection studies. After the detection studies, localization studies became the
point of interest. Although numerous studies have been conducted on HIF, a universal
solution to the HIF detection and localization problem has yet to be established. Thus,
a comprehensive review of the mentioned subjects by considering some key indices is
presented in this chapter. Moreover, a comparative assessment has been performed for
both detection and localization methods based on their benefits and drawbacks

alongside their efficiency.

2.1 HIF Characteristics from The Literature

Initial studies on HIFs utilized signals obtained from laboratory tests or staged faults
in the field. Later, simulation models are introduced with a better understanding of the
characteristics of HIFs from these real signals. Identified distinctive characteristics of
HIFs can be summarized as [3]-[8], [11], [12], [13]-[16]:

Nonlinearity: Voltage and current signals have a nonlinear relation with each other.
This nonlinearity causes harmonics up to 600 Hertz (Hz) for the current and up to 300

Hz for voltage waveforms.

L1 This chapter is based on the following publication: Baharozu, E., llhan, S., and Soykan, G. (2023).
High impedance fault localization: A comprehensive review, Electric Power Systems Research, 214,
Part A.



Asymmetry: There is a difference between the peak value and shape of positive and

negative half cycles of HIF current.

Intermittence: HIF current is not steady all the time due to extinction and reignition
of the arc, which causes discontinuities in fault current. This arc phenomenon creates

high-frequency components in the current waveform as well.
Randomness: Change in impedance leads to changes in magnitude with time.

Build-up and Shoulder: Build-up is the period where fault current grows and reaches
its maximum magnitude. On the other hand, the period where the current magnitude

remains steady during a few cycles is called the shoulder.

HIF current
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LU

Build-up
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Figure 2.1 : HIF current waveform and distinctive characteristics [17].
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2.2 HIF Modeling

Researchers presented various models for arcing high impedance faults from the past
by aiming to represent the specific characteristics of HIFs. These models can be
categorized into three categories: Differential equation-based dynamic models,

electrical elements-based models, and a combination of them.

The dynamic equations are used to calculate the conductance of the arc in the first
group of the HIF models [9]-[10]. Such models have existed since Cassie [18] and
Mayr [19] were presented. In these models, arc conductivity is given as a first-order
differential equation. These equations have been improved and modified in the

following decades [20]. The Kizilcay [21] and Johns [22] models are the most popular



formulations. Arcing fault formulation of the Kizilcay model is given below in
equation (2.1) and equation (2.2).

dg GO —g(®)

= 2.1)
[i(D)]
GO = TR 10D X Z (2.2)

Where g is the instantaneous conductance of the arc, T is a time constant, G is the
stationary conductance of the arc, i(t) is the instantaneous arc current, | is the arc
length, R is the resistive component per length of the arc, and u, is the constant voltage

parameter per length of the arc.
When the Johns model [22] is considered, the formulation of the stationary arc

conductance is given in (2.3):

lil

g x1

(2.3)

Later, a combination of the John and Kizilcay model, known as the universal arc
model, was presented [23]. This model has been verified and used in many studies,
particularly when arcing faults due to tree leaning are considered.

In the second group, the usage of electrical parameters in the time domain is offered
to imitate the behaviors of HIFs. In the beginning, just a fixed resistance was proposed
to model HIFs [24]. Almost a decade later, another one [25] offered to use nonlinear
impedance as a simple HIF model. A similar approach was also proposed in [26].
Nonlinear and time-dependent resistance and inductance are used as series in this
model, as shown in Figure 2.2 (a). A more complicated model that represents the two
characteristics of HIF current was presented in [11]. These characteristics were
nonlinearity and asymmetry features of HIFs. The model, given in Figure 2.2 (b),
consists of constant inductance and resistance series with an antiparallel diode and DC
voltage sources. Moreover, field tests in the 13.8 kV system were carried out in the
same study to obtain the electrical parameters of the model. In 1993, [27] suggested
using two variable fault resistances to imitate the randomness of HIF faults. Thus, three
main behaviors of HIFs were considered in this model. An illustration of this model is

presented in Figure 2.2 (c).
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Figure 2.2 : HIF models in [26] (a), [11] (b), and [27] (c).

On the other hand, [28] offered to use Transient Analysis of Control Systems (TACS)
in the HIF model for the first time. The proposed HIF model includes nonlinear
impedance, time-varying voltage sources, and a controlled switch with TACS. The
purpose of TACS was to establish the arc reignition and extinction. Additionally,
voltage sources are taken sawtooth wave shapes instead of DC sources to emulate
dynamic V-I characteristics of arc. An illustration of the model is presented in Figure
2.3 (a). Build-up and shoulder phenomena of HIF based on utilizing TACS and two
time-varying resistances were added to the HIF model for the first time in [12]. While
one resistance in the model was imitating the asymmetry and nonlinearity, the second
was imitating the build-up and shoulder phenomena. A representation of the model is
given in Figure 2.3 (b). The authors also validated the proposed model with field tests
in a 22.9 kV distribution network. Later, [16] improved the model of [12] by adding a
switch to simulate the breaking of the conductor (intermittence). Furthermore, field
tests were performed in the 13.8 kV network to obtain the electrical characteristics of

the model.

In 2003, a new and simplified model based on Emanuel [11] was presented in [29].
Here, two unequal resistances, Rp and Rn, were implemented in parallel, as shown in
Figure 2.3 (c). Soon after, [30] offered the six-arc model of [29] in parallel. Besides, a
field test in a 20 kV power network was carried out to collect HIF data for the model
in the study. Another study [31] suggested adding two inductances, each one series

with different unequal resistances, to the model [29] as Ly and Ln.
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Figure 2.3 : HIF models in [28] (a), [12] (b), and [29] (c).

A novel model is proposed in [32] by combining differential equation-based and

electrical elements-based models. To imitate the dynamic characteristics of the HIF,

the digital arc model proposed in [21] was applied as nonlinear resistance in the model.

DC and AC voltage sources are implemented respectively to obtain asymmetry and

arc ignition features. Diodes are used for nonlinearity and control arc ignition in the

model. A representation of the model is given in Figure 2.4 (a). The same authors

present another model, as shown in Figure 2.4 (c) [9]. The digital arc model proposed

in [21] was applied again. However, variable arc voltages in [11] are used instead of

diodes and polarizing ramp voltage sources.
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Figure 2.4 : HIF models in [32] (a), [33] (b), and [9] (c).

Another model [33] used two resistances in series. One of them is used for dynamic

arc features such as quench and reignition, and the second one is used for varying fault

path resistance. While Mayr’s equations [19] were chosen for dynamic arc
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representation in the first resistance, time-varying resistance is implemented for the
second feature. The proposed model is presented in Figure 2.4 (b). A similar approach
is proposed in [10] by using two resistances in series. While the dynamic arc model
[23] is implemented in one of the resistances, constant resistance is assigned for the

second resistance by considering the HIF object as a tree.

2.3 Evaluation Of HIF Detection and Localization Studies in The Literature

Since HIFs cannot be easily detected and located with conventional methods, plenty
of studies have been conducted to find a universal solution [34]-[35]. In the rest of this
section, published studies in the literature are categorized, evaluated, and discussed in
terms of the detection and localization of HIFs.

2.3.1 HIF detection studies

After gaining a better understanding of high impedance faults and their inevitable
effects on power systems, researchers focused on improving the detection process.
Proposed detection techniques for high impedance or arcing faults can be categorized
into four main types: time-domain, frequency-domain, wavelet transform, and
machine learning methods. The time-domain algorithms mainly use relays. The
earliest study on HIF detection was the proportional relay algorithm [36]. Unbalancing
between phases was considered for the HIF detection in the study. Subsequently, the
ratio-ground-relay algorithm was proposed based on this consideration [37-38]. Later,
another study [39] compared these two studies. Other time-domain researches also
have been done and presented in [40-44]. However, such schemas are vulnerable to
load variations in the distribution network, and their effectiveness decreases during

unbalanced load conditions [45].

To overcome this, researchers move on to new approaches, including feature
extractions. These approaches involve using characteristic features of HIFs at different
frequency spectrums. One of the first proposed approaches was using high-frequency
current components to distinguish the HIFs. For instance, the energy value of the high-
frequency signal is correlated with a determined threshold value to detect HIFs [46].
In the study, field tests also were carried out, and the method was verified. Another
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study [15] also utilized high frequency and incorporated the randomness feature of

arcing.

On the other hand, other detection algorithms mainly used Fourier Transform (FT) to
extract the low-order frequency information from the signals. The first study, related
to the low-order frequency spectrum, offered to use the third harmonic current [47].
Based on this work, many other studies focus on a harmonic component. One of the
earliest experimental studies was performed in [48] to understand harmonic behaviors
better during the faults. In the last decades, similar studies have been conducted and

presented.

One study [49] claimed that harmonic components such as frequency, magnitude, and
phase angle could be beneficial to detect HIF. A study in [50] introduced a new method
using sliding. In this approach, the magnitude and phase responses of the current were
compared with threshold values to detect HIFs. Another study [51] offered an
algorithm that uses a second and third harmonic combination by considering some
threshold values. A methodology for detecting HIF that relies on the phase angle of
the 3" harmonic current was proposed in the study [52]. Furthermore, it is declared
that the phase angle drops suddenly when the HIF is observed. Thus, it is feasible to
identify the fault by examining the phase derivative. Another study [53] used a method
called the power spectrum technique. In this method, the values obtained after FFT are
squared, and then the calculated average is compared with a specified threshold value
to identify the HIF. A study in [54] proposed using harmonic voltage for detection by
observing the total harmonic voltage distortion ratio and the third harmonic voltage
value at the non-fault phase. Another study used the summation of three-phase
harmonic current information instead of one-phase harmonic content. It considered the

relation between the 3", 5" and 7" harmonic current for HIF detection [55].

Another feature extraction techniqgue commonly utilized in HIF detection is Wavelet
transform (WT). Unlike FT, WT offers enhanced processing capabilities by analyzing
the signal within the time-frequency domain [56, 57]. This has made it widely used by
researchers in recent decades. WT decomposed to signal into several coefficient levels
within various frequency bands. It is categorized into continuous wavelet transforms
(CWT) and discrete wavelet transforms (DWT). The majority of HIF detection studies
include detail and/or approximation coefficients of DWT [58-65]. Yet, some studies
focus on CWT to extract features [66-68].
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In [58], current signals are decomposed up to 4 levels with DWT and evaluated in
terms of the extinction and reignition of arc phenomenon to distinguish HIF fault.
Another study that used both voltage and current signals is presented in [60]. In this
study, squares of phase current details are used. The study involved using squares of
phase current details and calculating the moving average for each phase. These values
were then compared with a predetermined value to identify HIFs. In reference [59], it
is proposed to investigate the absolute sum value of the 3 detail component for phase
currents. By comparing these values between phases and feeders, it has been tried to
distinguish the arcing fault. Additionally, a study in [61] offered to use and compare
3" detail components of phase currents. [62] introduced a straightforward detection
method using a cutoff value. Here, the cutoff value is compared with the results of an
offered simple formula that uses the standard deviation of detail coefficients. The
method in [63] suggested utilizing energy changes of 6-level detail coefficients for
current and voltage. The study claims that HIFs can be found based on fast-rising
energies. [64] proposed to use the energy value of detail coefficients as well. The
method involves checking if the calculated energy exceeds the threshold. Moreover, a
proposed second hypothesis in the study asserts that HIFs cannot create sags and swell,
and the approximation coefficients of voltage signals in terms of energy can be used
to discriminate HIFs. In the study [65], the HIF detection algorithm was developed by
observing the duration and frequency of the wavelet coefficients exceeding the limit
values. Based on such evaluation, it is claimed that HIF and transient events can be
distinguished.

Conversely, one of the earliest CWT applications was [66]. Here, the WT magnitude
of voltage signals was considered for the discrimination of HIF. In another study [67],
CWT was applied to current signals to analyze transformed signals in magnitude,
duration, and slope. Then, these values are compared with defined threshold values to
identify HIFs. In [9], HIF determination was attempted by observing the phase
differences between the CWT coefficients for zero-sequence voltage and current

signals. This method was improved and evaluated in [68].

Almost all mentioned feature extraction methods used threshold values to identify HIF
events. In these studies, threshold values are mainly determined based on network load
characteristics. However, there is a diverse range of loads that change over time in
large distribution networks. This situation makes such studies unrealistic [69, 70].
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Therefore, authors have started to focus on pattern recognition methods to cope with
this problem, such as decision trees (DTs) [71-75], genetic algorithms (GAs) [76-78],
neural networks (NNs) [79-92], and support vector machines (SVMs) [93-96].

Frequency-based features are used in [71-73], while wavelet-based feature extraction
methods are used in [74-75] to feed decision tree algorithms. [71] proposed to utilize
information on root mean square (RMS) current, harmonic magnitudes, and phases in
DT to classify HIFs from other faults. The energy of the harmonics is proposed for
HIF detection in [72]. Odd, even, and in-between harmonics up to 400 Hz are
determined, and their total energies are used as input in the decision tree. [73] proposed
a new method for HIF identification. The ensemble decision tree is developed using
the amplitude and phase data of harmonic components obtained from current signals
with the help of the Extended Kalman Filter. Unlike the previous DT algorithms, [74]
presented an algorithm that uses a decision tree together with maximal overlapping
discrete wavelet transform (MODWT) to identify HIFs in microgrids. Here, some
obtained features by details and approximation coefficients (standard deviation,
energy, mean, and entropy) are fed to DT. Similar to [74], the usage of some features
such as standard deviation, energy, kurtosis, and skewness are offered in [75] to detect
HIFs.

A few studies used heuristic methods such as a genetic algorithm for HIF
discrimination. [76] utilized from GA to reduce the size of features and then applied
Bayes for fault classification. Here, wavelet decomposition is implemented to get
features from signals. Contrary to other studies, isolator leakage current is considered
a different fault type in this paper. The same authors presented a different method in
[77]. This time, they offered a fuzzy interference system for fault classification instead
of Bayes. [78] proposed a real-coded genetic algorithm that utilizes current harmonics
and phase angle shifts. The occurrence of the 3" harmonic, 5" harmonic, and phase

shift at the 3 harmonic are considered for HIF detection.

On the other hand, most studies utilize neural networks for pattern recognition in HIF
detection methods. For example, in [79], variations of discrete wavelet coefficients are
employed as input in an ANN to identify HIF events. In [80], the energy contents of
the first three levels of details are chosen as features to train a neural network classifier.
[81] proposed to use the standard deviation of detail and approximation coefficient of
specific sub-bands (D1-D7 and A7) within ANN to detect HIFs. Another method in
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[82] proposed to train a neural network with a variance of each wavelet coefficient.
[83] offered to use features of coefficients such as mean, standard deviation, skewness,
and kurtosis. These features are estimated after DWT decomposition and used as input
in NN to identify HIFs. [84] presented an HIF detection method that uses absolute
summation of D1 detail coefficients during a single cycle period to feed ANN.

[85] proposed to use RMS ratios of voltage and current signals obtained after DWT
decomposition in several sub-bands. Here, these ratios are used to train ANN for HIF
detection. A new method that uses a convolutional neural network (CNN) and
continuous wavelet transform was presented in [86]. CWT is employed to get time-
frequency-based grayscale images of currents. Then, these images are used to feed the
CNN classifier for fault detection. A similar approach was proposed in [87], where
two-dimensional maps derived from wavelet packet entropy analysis are input into the
CNN to distinguish HIF events. In [88], a modified wavelet transform is employed to
extract features of HIF, followed by training a CNN algorithm using these features.
Authors in [89] developed and tested a HIF detector using real field data. The detector's
method utilized both the wavelet transform and a neural network. Extracted features

from zero sequences of current feed to a neural network in the device.

Although most studies utilized wavelet-based features, some used frequency-based
features to train NN. One of these studies is [29]. Low-frequency voltage and current
data obtained by finite impulse response filter are used here. Then, these low-
frequency waveforms feed a neural network classifier for HIF detection. Another study
[90] proposed to use the 3™ and 5™ harmonic vectors of current and voltages to train
an artificial neural network algorithm. In a parallel way, the study in [91] presented a
HIF identification method that uses harmonic and sequence components currents to
feed ANN. [92] is also proposed a HIF detection schema that uses low-order harmonic

currents as neural network inputs.

All the studies that took advantage of SVM algorithms as HIF classifiers employed
wavelet transform to derive features from signals. The HIF identification method based
on the energy of DWT details and approximation coefficients as input in SVM is
presented in [93]. Here, the proportion of each 8-level detail and 8th approximation
coefficients energy to the total energy of the current signal fed to SVM. [94] presented
a similar approach by utilizing DWT for feature extraction and SVM for event
classification. Moreover, different mother wavelets such as Daubechies 4 (db4),
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Coiflet (Coif5), and Symlet (sym5) are compared and tested in the study. Another
study [95] trained SVM with different data sets as normalized reactive power, RMS of
detail coefficients, and standard deviation of decomposition. [96] proposed to optimize
SVM with particle swarm optimization (PSO). The proposed method was also
compared with another SVM method that utilizes FFT for feature extraction instead of
DWT. Based on the results, it is claimed that the proposed method is superior to the

traditional one.

The most promising or complicated ones among HIF detection studies are given in
Table 2.1 to compare studies more clearly. It provides information such as measured
signals, test systems, detection methods, cases, and test implementation conditions.
Additionally, considerations of nonlinear load, unbalancing, and noises are expressed
in the table. It is clear that [55] fulfills most of the criteria. However, [55] did not study

large distribution networks, HIF model verification, and different networks.

Table 2.1 : HIF detection papers.

Detection Test Nonlinear Unbalance

Ref Year Measurement Method System o Loading Noise
[51] 2016 current  TTeqUeneyeeE g3 Yes Yes No
-Based
Frequency 90 Buses
[52] 2016 current -Based (Real) Yes No No
[55] 2018 current  TEAUeNSY epE g Yes Yes Yes
-Based
[64] o017 Voltageand oo 90Buses No Yes
current (Real)
Decision 14 Buses
[73] 2012 current Tree (meshed) Yes No Yes
Decision India -
[75] 2018 current Real Basic No Yes Yes
Tree Fider
[92] 2020 current ANN IEEE 34 Yes Yes Yes
voltage and 202 Buses
[95] 2018 g SVM (Real Yes Yes No
current Data)

2.3.1.1 The popularity of HIF detection techniques

For detection studies, numerous articles can be found in the literature since a universal
solution is still not found. Yet, in this thesis, mainly the latest 61 studies are evaluated.
One key finding from the reviewed papers is the growing interest in this field,
particularly over the past decade. The number of published papers in the literature

continues to grow each year. Figure 2.5 provides a quantitative representation of the
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reviewed papers over the years. The topic's significance has notably increased in the
last decade, especially after the HIF characteristics and models were revealed clearly.
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Figure 2.5 : Number of published detection papers by year.
2.3.1.2 Discussion of proposed HIF localization techniques in the literature

After reviewing the studies in the literature, it can be deduced that there is still no
universal method available for detecting HIFs. Moreover, there are numerous gaps in
the existing studies. Before closer evaluation of the papers on HIF detection, it is
valuable to categorize HIF detection studies to understand the tendency of researchers.
The percentage of proposed methods as a pie chart is given below in Figure 2.6. It can
be seen that machine learning methods are superior to others due to their high
accuracy. On the other hand, there is no distinct difference between other studies in

terms of preferability.

m Time Domain Based = Frequency Information Based

» Wavelet Transform Based Machine Learning Based

Figure 2.6 : Number of proposed methods for detection of HIFs.
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Once detection papers for distribution networks are investigated in terms of their test
networks, it's evident that most studies tested their methods on a simple network. Only
about one in nine studies utilized larger networks. Moreover, almost none of the
methods have been tested in different networks to assess their effectiveness more

accurately.

In the investigation of used HIF models in various proposed methods, it was found that
only 10 out of 61 reviewed detection papers conducted laboratory or field tests to
utilize staged fault signals within their simulations. Although most detection studies
consider nonlinear arcing HIF models, the claimed precision in these studies relies
heavily on the electrical parameters of the model, which can vary in real-life scenarios.
Therefore, the reliability and effectiveness of these approaches in real-world

applications remain uncertain.

Additionally, loading variation, a crucial factor in distribution networks, has been
overlooked in numerous studies. Different loading conditions can significantly impact
the accuracy of detection methods, but only eight detection papers analyzed various
loading scenarios. Furthermore, unbalanced loading is not considered in most studies.
Similarly, the influence of noise has been largely neglected in the studies. Even though
noise is an inevitable aspect of real power systems when measuring voltage and current
signals, only eight detection papers examined how noise influences the performance
of their proposed algorithms. The characteristic behavior of HIFs is similar to the non-
linear load. To prevent false detection, distinguishing between these two signals should
be assessed. However, only a few studies considered the non-linear load in their test

system.

2.3.2 HIF localization studies

Unlike the HIF detection studies, few studies are available in the literature related to
HIF localization. In the available studies, while some of them [97]-[118] focused on
finding faulty sections as a zone, others [122]-[163] concentrated on finding the exact
location of HIFs. Studies not focused on pinpointing the precise location of high
impedance faults can be categorized as wavelet transform-based techniques, voltage
changes-based methods, machine learning methods, harmonic information-based

methods, zero sequence current-based methods, and others.
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In one of the DWT-based studies [97], the faulty section is determined by evaluating
the polarity of frequency band power. Here, DWT detail coefficients of the measured
residual current and voltage are multiplied, and then calculations are summed during
two periods. Afterward, the faulty section is identified as behind or ahead of the node
based on the polarity of summation. On the other hand, [98] proposed to compare the
summation of the first three levels of detail coefficients decomposed by DWT with the
pre-generated database by using the average of absolute difference to find the faulty
area. The study is extended in [99] by examining different sampling rates, window
sizes, and mother wavelets. [100] also proposed a method using DWT to reduce the
search area of HIFs. First, voltages, measured at various locations, are transformed
into detail coefficients. Then, their estimated energies are compared to find search
areas based on buses having the highest three energy values. [101] presented a new
algorithm utilizing Wavelet Packet Transform (WPT). Coefficients of current signals
are used to decide a faulty section by distinguishing internal and external faults.
Differences between the sum of current coefficient values for each phase are averaged
and compared with the predefined threshold value. Based on the comparison, the faulty
section was determined. Another WPT-based method is proposed in [102]. The
proposed method first applies WPT to measured time-synchronized voltage signals
and calculates maximum absolute values of detail coefficients from computed model
voltage for all buses in a system. After that, calculated values for each bus are

compared with others to determine the faulted area.

As a different type of method, changes in voltage signals are considered. For instance,
[103] claimed that faulty bus and fault impedance might be found by observing the
characteristic voltage sags. Thus, the authors offered to compare measured and
simulated voltage profiles obtained from a known network and a fault to determine the
fault location and its associated impedance. An alternative method based on voltage
measurement is presented in [104]. The positive sequence voltage drop value is
estimated with the help of located sensors at the end of each feeder in the method. The
proposed methodology finds the sensors placed below the fault location and identifies
them as active by checking the voltage drop value. Then, from each active sensor to
the source, nodes are listed to find possible routes. Finally, the last two downstream
nodes on common nodes are determined to locate the faulty section. A new method to

estimate a faulty section using unbalanced factors, calculated from smart meters
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located at the secondary side of transformers, is presented in [105]. Yet, with the
increment of fault impedance, the method’s effectiveness is negatively affected. [106]
introduced a method called Advanced Distortion Detection Technique (ADDT).
Distortions of samples in voltage signals are computed as a percentage and ranked
accordingly in the approach. Searching the area between measurement points with the

highest risk level is offered to locate the faulty section.

As an alternative to the previously mentioned two methods, a few studies analyzed
harmonic data to estimate the rough area of the fault. The earliest studies [107] utilized
the recloser/sectionalizer technology of the era to use harmonic information.
Communicated sectionalizers identify the faulted line by providing information on
whether the fault is recognized. [108] proposed to use also harmonic information to
find the faulty zone. Second harmonic indexes are computed using voltage signals
measured by smart meters. Then, the smart meter with the highest value and adjacent
ones are defined as possible faulty zones.

Although many machine learning-based methods addressed locating the exact point of
fault, four papers used them to reduce the search area of the fault. A technique based
on a support vector machine is proposed in [109]. In this study, the first three details,
decomposed from current signals using DWT, feed the SVM to identify the faulty
section. Furthermore, the various number of measurement points and their placement
based on the modified k-means algorithm are investigated in the study. The algorithm
called Self Organizing Mapping Neural Network (SOMN) is presented for the same
network in [110]. The wavelet entropies of the measured fault and neutral currents
trained the SOMN to find the faulty line. Another study [111] used an ANN to find the
bus with HIF and to estimate the magnitude of the fault resistance. The study used
different electrical parameters such as voltage magnitudes, angles of voltages, active
and reactive power, fault current, and fault angles to train ANN. Moreover, it is
emphasized that distance error in the study lies between +/- one km, which reduces the
required effort to pinpoint the exact fault location by 49%. Another ANN-based
method was proposed in [112]. Installed PMUs at branches captured the voltage and
current signal to train ANN. The fault location is estimated in 25% increments between

buses.

Another approach to finding a faulty section is zero sequence current (ZSC) based

methods. One of these methods [113] is called Zero-Sequence Non-synchronized
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Protection. This method uses non-synchronized RMS zero-sequence currents to
determine the fault section. The difference between two adjacent measurements of
zero-sequence currents’ phasor magnitudes is compared with the predetermined
threshold value to distinguish the faulty area. The proposed method is tested and
verified with a Real-Time Digital Simulator. Later, the same authors extended the
proposed method in [114] by considering the probable measurement error in the
comparison step. Moreover, they tested it in IEEE 37 and IEEE 123 bus test systems
with a more comprehensive approach. A new zero sequence-based method for HIF
location in a resonant grounded network is presented in [115]. First, the concept of
zero-sequence current, which changes between healthy and faulty feeders, is proved
in theory in the study. Then, a similar idea of previous studies considering the phase
of 3" harmonic ZSC is applied. Phase differences between selected and remaining
feeders are calculated and compared with the threshold value. If the differences
between the selected feeder and others are satisfied, that feeder is accepted as the faulty
feeder. The proposed method is tested with real experimental cases for different HIF
scenarios. Another zero-sequence current-based method is presented in [116]. Zero
sequence currents are measured from each feeder. Then, the faulted feeder is
determined based on the integrated inner product value (11PV). This value is calculated
by taking the cumulative sum of the inner product of zero sequence currents of each
feeder and neutral point. Two pieces of information from 1PV, sign and amplitude,
are compared with each feeder to decide the faulty feeder. When the value of any
feeder is higher than the others and has the opposite sign, it is claimed that a fault
occurred at that feeder. Another approach, combining the inner product with ZSC, is
proposed in [117]. A faulty feeder is found by comparing the summation of the
elements of each row of the dot product matrix in the study. An improved Hausdorff
distance algorithm creates the matrix with the calculated frequency information of zero
sequence currents. Both simulation and actual HIF data from the field are used to
verify the method. A novel approach based on declining periodic components of ZSC
for resonant grounding systems is offered in [118]. The relative phase differences
between each node’s zero-sequence current’s periodic components and the fault

resistance are used to define the faulted section.

Besides these methods, [119] presented a different approach to distinguishing a faulted
feeder from others by comparing the magnitude, integral value, and spectrum of
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complex sequence currents at feeders. Moreover, the complex sequence is compared
with the zero-sequence and outperformed in terms of sensitivity in the study. The
authors of [119] proposed another method in [120]. Power spectrums of the modal
component of the instruct mode function, obtained by decomposing the zero sequence
of current and voltage via Ensemble Empirical Mode Decomposition (EEMD), are
compared to identify the faulted line. The study identified the faulted bus and the
feeder based on maximum voltage and current spectrum. The main details of reviewed

papers that focus on determining a faulty section for HIFs are given in Table 2.2.

Table 2.2 : Details of faulty section papers for HIF localization.

Locating Test Unbalance  Load - Operating  Field

Ref. ‘Year  Measurement Method System Loading Variation N Voltage [kV] Test HIF Model
[97] 2008 Voltage DWT 14 buses No No No 20 No [23]
[98] 2012 Voltage DWT 38 buses No No No 11 No [24]
[99] 2016 Voltage DWT 38 buses No No No 11 No [24]
[100] 2013 Voltage DWT 90 buses No No No 13.8 No [12]
[101] 2015 Current WPT 2 Buses No No No NS No [30]
[102] 2020  Voltage wpT 3 23222'5 No Yes  Yes 345 No [24]
[103] 2014 Voltage Voltage 13 buses No No Yes 13.8 No [24]
[104] 2005 Voltage Voltage 28 buses No No No 20 No [24]
[105] 2018 Voltage Voltage 7 buses Yes No No 13.8 No [24]
IEEE 13 & Modified [27]
[106] 2020 Voltage Voltage |EEE 34 Yes No No 4.16-24.9* No by adding
arresters
[107] 2005 Current Harmonic 5 buses No No No 13.8 No [12]
[108] 2019 Voltage Harmonic  |IEEE 39 No Yes No 345 No [27]
[109] 2015 Current SVM 18 buses No Yes No 12,5 No [11]
[110] 2017 Current SOMN 18 buses No Yes No 12.5 No [11]
111] 2015 Volage Current, NN 45 puses No No No 138 No 24
Power, etc
[112] 2018 Voltage & Current  ANN 15 buses No Yes No NS No [24]
[113] 2016 Current ZSC 11 Buses Yes No No 13.8 No [24]
IEEE 37 & *
[114] 2021 Current ZSC IEEE 123 Yes Yes No  4.8-4.16 No [24]
[115] 2022 Current zsc F'eé‘ljj:ensd 5 No Yes  No 10 Yes [121]
Modified "
[116] 2022 Current ZSC IEEE13- 34 Yes No Yes 4.16-24.9 No [24] and [27]
[117] 2022  Current 7sC F'eé‘i:‘e”sd " No No  Yes 10 Yes [24]
[118] 2020 Voltage & Current  ZSC 9 buses No No Yes 10 No [118]
119] 2017 Current Complex 14 yyges No No  No 10 No 29
seauence
[120] 2017 Voltage & Current EEMD 10 buses No No No 10 No [29]

*Voltage level for second modeled network
NS is for Not Stated
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When considering only the studies that precisely localize fault distance within the
distribution and transmission network, they can be categorized into four groups. These
are parameter estimation-based methods [122]-[138], traveling wave-based methods
[142]-[147], machine learning-based methods [148]-[161], and others [162]-[163].

Most of the HIF localization studies in the literature have primarily used parameter
estimation (impedance-based) methods because of their simplicity. For instance, [122]
utilized the Least Error Squares approach to estimate the location of HIF in the
transmission system using the time domain data. In contrast, studies in [123] and [124]
employed the same approach in the frequency domain by utilizing synchronized
measurements. Similarly, [125] presented a method in the frequency domain to
estimate fault distance, where the system equations were calculated using the weighted
least squares technique. Later, [126] aimed to enhance the method presented in [125]
by analyzing the statistical behavior of the estimates. This approach improved the
localization of the faulty segment of the distribution network.

The study in [127] also employed the least squares method in the time domain to
estimate fault distance. This approach involves taking voltage and current
measurements from both ends of the transmission line, along with the line parameters,
for calculations. Results indicated that the error ratio was less than 10% in over 80%
of the test cases. Another study [128] suggested using the Gauss-Newton method as
an alternative to the least squares method to minimize distance errors. A comparison
of this method with the presented method in [127] revealed that the Gauss-Newton
method was superior, yielding errors of less than 0.1% in over 90% of the test cases.
In [129], the behaviors of HIFs are modeled as a mathematical model in the spectral
domain, and the Weighted Least Squares (WLS) method is proposed to calculate fault
location. The proposed method is validated using the IEEE 13 bus test system. Another
WLS-based method in the time domain, that utilizes synchronized voltage

measurements was also presented in [130].

On the other hand, [131] proposed a new procedure based on comparing the pre-fault
impedance with the estimated impedance regarding both magnitude and angle to locate
HIFs. [132] proposed an HIF fault locater method that uses impedance loop calculation
by employing real and imaginary parts of the equation. In [133], researchers utilized
linear least square and steepest descent-based iterative search techniques to calculate
the fault distance of HIFs within the distribution network in the time domain. Another
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study [134] gathered third harmonic voltage and current information through
synchronized harmonic phasors to estimate the location of HIFs in terms of impedance
value. This method was validated using the IEEE 33 bus distribution test system. The
proposed approach in [135] also utilizes an IEEE distribution-level test benchmark to
identify fault locations. It compares the measured voltage with the estimated voltage
by considering faults at different locations within the network. A distinctive study to
find the location of HIFs in a distribution network with lateral lines is presented in
[136]. The frequency components of the measured voltage and current signals are
employed to calculate the fault distance. On the other hand, a traveling wave is utilized
to determine the fault path based on the wave's characteristic frequency. Another novel
approach is proposed in [137]. The proposed method first identifies whether the fault
is internal or external by using positive sequence admittance of both ends of the line.
Then, it calculates the exact fault location using synchronized positive and negative
sequence voltage and current phasors through mathematical formulas. The suggested
method has been tested on a compensated transmission network with two buses. The
maximum error is calculated as 0.041%, while fault impedance varies between 0—
600Q. In a related paper [138], the same authors focused solely on synchronized
positive sequence voltage and current phasors. The method was also evaluated using
a similar transmission and the IEEE 9 buses test system. In this case, the impedance
of the fault was chosen to be 300Q2 and 100Q, respectively. The observed error in fault

location was approximately 1.2%.

Although the error percentage of impedance-based methods relies on the accuracy of
fundamental components, many possible factors, such as the accuracy of
current/voltage transformers, mutual impedance, the impedance of fault, and line
impedances, are avoided in traveling wave methods [139-141]. Therefore, some
authors pay particular attention to traveling wave methods for pinpointing the location
of HIFs. All the studies using the traveling wave method except [142] and [143] are
executed for the transmission network. [142] proposed a traveling wave method to find
HIF location in a compensated small distribution network by grounding the neutral
with a controlled thyristor. On the other hand, [143] proposed a method for HIF
location using a complex space-phasor combined with the Hilbert—-Huang Transform
(HHT). The researchers claim that the complex space-phasor is superior to other
transformations, such as the Karrenbauer and Clarke transformations, and with
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combination of it with the HHT provides higher accuracy for locating faults. To
determine the exact time and extract traveling wave points, synchronized two three-
phase voltage measurements from both ends of the network are used. These
measurements are transformed into the absolute values of complex space-phasor and
processed using the HHT. After that, the arrival times of the traveling waves at each
endpoint are calculated based on traveling wave theory. These arrival times are then
employed to determine the location of the fault accurately. Simulation results indicated
that the HIF location was calculated with an error of 100.3 meters. However, it is
crucial to note that the study was conducted with only one HIF location in a simple

distribution network.

One of the other studies [144] presented a traveling wave method based on inceptions
obtained through wavelet transform on transient voltage data. Due to utilizing two-
terminal data in the proposed method, the offered approach needs communication and
synchronization. The study in [145] also applied wavelet transform to identify fault
waves utilizing current signals from two terminals rather than voltage signals. [146]
presented a traveling-wave-based fault location method for a hybrid transmission
network. The algorithm used the measured three-phase voltages via optical sensors.
The summation of aerial modes is used to calculate the arrival times of traveling
waves, employing two sliding windows and curve fitting to ensure the proposed
algorithm performs effectively with all fault types. Polarity changes of traveling waves
are calculated for each possible fault section, including the first and second halves of
the overhead line and underground cable in the studied network. Next, the faulty area
is identified within four possible sections by analyzing the polarity changes of three
consecutive traveling waves. Once the section is selected, the exact location of the
fault is estimated using the time differences between the first and second traveling
waves. Contrary to previous traveling wave studies, the proposed method in [147] has
been tested in the field rather than through simulations. Furthermore, a commercial
device that provides high and low-frequency wave information was employed to detect

fault waves.

As an alternative to impedance and traveling wave methods, machine learning
algorithms are implemented in some studies to identify HIFs’ locations. Most of the
proposed machine learning studies in the literature were NN-based methods. One of
the studies [148] used phase currents and energy of their coefficients obtained by
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wavelet transform as inputs for ANN. Another study [149] used terminal current and
voltage waveforms to train ANN for HIF location. [150] proposed a method utilizing
two ANNSs. One is used for zone location, and the other is used for estimating the exact
location of HIF. A similar approach is proposed in [151] as well. This method uses
two different ANN algorithms to determine the faulted area and find the exact fault
location. The first features of measured three-phase currents and voltages are extracted
with a DWT and then used to feed ANN. The proposed method was tested in a double-
circuit transmission line and verified with 10,000 faulted cases with a low estimation
error of 0.001%. [152] presents a method that uses a neural network whose activation
function is wavelet. It is called Wavelet Neural Network (WNN). Furthermore, DWT
is used in this study to eliminate noises from signals before estimating the phasor
magnitudes of 3 phases that train to WNN. Similarly, [153] used phasor magnitudes
of voltage and current signals with the 3" harmonic value of current as input for an
ANN. Conversely, the study [154] employed an online ANN to determine and identify
unknown parameters related to current and voltage equations rather than calculating
the fault distance. This methodology was compared with the approach outlined in the
study [133], as both studies are fundamentally anchored in parameter estimation
techniques. Another study, presented in [155], also used online trained ANN, where
the fault location was treated as a weight of the ANN. The aim was to identify fault
locations by using current measurements as input and measured voltage as output in
the ANN. Additionally, [156] offered to use harmonic components as input for the
ANN. Fundamental and harmonic components, derived from three-phase voltages and
currents through Fourier Transform, are utilized to identify the precise location of HIF
in the study. Besides ANN methods, one study [157] suggested using an Extreme
Gradient Boosting (XGBoost) algorithm. In this approach, three-phase zero-sequence
voltage and current signals are processed using the Teager-Kaiser Energy Operator
(TKEO). The resulting coefficients from the TKEO are summed to form a feature
vector, which is then fed into four XGBoost modules to locate various types of faults.

In most cases, the error in locating HIFs is found between 0 to 2 kilometers.

Other machine learning methods have also been proposed in addition to the traditional
neural network-based approaches. The Adaptive Neuro-Fuzzy Inference System
(ANFIS), which combines the advantages of ANN and fuzzy logic, is offered in [158]
to identify the locations of HIFs. In this study, the input to the ANFIS consists of the
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amplitudes of three-phase voltage and current. Another study [159] suggests
employing specific orthogonal components as inputs in fuzzy inference systems.
Based on the simulation results, it is stated that fault distance can be estimated with a
20% error margin in approximately 90% of cases. A different approach utilizing
Gaussian Process Regression (GPR) is proposed in [160] to find the location of HIFs.
Some features are extracted in the study by applying DWT to current signals, such as
mean, median, and standard deviation. Afterward, these features are used to train GPR.
One study [161] introduces a method including SVM to find the exact location of HIF.
Although details about methods are not explained explanatorily in the article, it is

claimed that the method’s accuracy is promising.

Although several machine learning-based methods have been proposed in the
literature, it's important to remember that their performance relies heavily on the
specific network being tested. Therefore, if the network or its configuration changes,
the machine learning algorithm must be retrained using a diverse set of test cases.

In the literature, some studies have proposed innovative methods for locating HIFs.
For instance, one study [162] combines an SVM and the traveling wave method to find
a fault location in the transmission network consisting of an overhead line and an
underground cable. SVM is utilized to identify the HIF location -whether it is a cable
or overhead line- and determine which half of the section is faulty. The inputs for the
SVM include voltage wavelet energies obtained from DWT and transient currents.
After the faulty area is determined with SVM, the traveling wave method is employed
to estimate the fault distance precisely.

Another study [163] introduces a new fault location method for compensated networks
along with a device designed to implement this method. This approach uses pre-
calculated data and current injection at the neutral point. Zero-sequence impedance
values for various locations across different feeders and fault resistances are estimated
based on the measured signal frequency. The method calculates the highest absolute
negative value of the zero-sequence powers to identify the faulty feeder using the
injected current. The fault location is identified by comparing the pre-calculated zero-
sequence impedances with the measured values. Field tests were conducted with two
Hungarian distribution system operators to assess the proposed method. The findings
show that the methodology identifies the exact fault distance. However, it often
presents multiple potential locations for the fault.
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A comparison table summarizing HIF location studies focused solely on accurately

pinpointing HIFs is provided in Table 2.3.

Table 2.3 : Details of pinpointing papers for HIF localization.

Operating .
Ref. ‘Year Measurement Locating Method Modeled Test Unbalgnce Lpac_j Noise Voltage Field = HIF
System Loading Variation [kV] Test Model
[122] 2000 Both** Impedance 2 Buses No No Yes 400-110* Yes [122]
[123] 2014 Both** Impedance 2 Buses No Yes No 230 No [123]
[124] 2016 Both** Impedance 2 Buses No Yes No 230 No [124]
[125] 2017 Both** Impedance IEEE 13 Yes No No 4.16-23.1* Yes [24]
[126] 2020 Both** Impedance IEEE 134& IEEE Yes No Yes 4.16-24.9* No [24]
[127] 2020 Both** Impedance 6 Buses No No Yes 229.174 No [124]
[128] 2021 Both** Impedance 4 Buses No No Yes 229174 No [124]
[129] 2019 Both** Impedance IEEE 13 Yes Yes No 4.16 No  [11]
[130] 2015 Voltage Impedance F?a?tn gfzésésfig No No No 345 No [24]
[131] 2012 Both** Impedance IEEE 13 Yes Yes No 4.16 No [24]
[132] 2015 Both** Impedance 8 Buses No Yes No NA No [24]
[133] 2016 Both** Impedance IEEE 13 Yes No Yes 4.16 No [24]
[134] 2017 Both** Impedance IEEE 33 Yes No No 12.66 No [29]
[135] 2019 Both** Impedance IEEE 34 Yes Yes Yes 24.9 No [24]
Both**  Impedance & Traveling [24]
[136] 2014 3475 Buses Yes Yes No 13.7 No
wave
[137] 2020  Both** Impedance 2 Buses No Yes  No 400 No [24]
[138] 2021  Both** Impedance 2 Buses- IEEE 9 No Yes  No 400 No [24]
[142] 2015  Voltage Traveling wave 10 Buses No No Yes 20 No [24]
[143] 2012  Voltage Traveling wave 2 Buses No No No 10 No [21]
[144] 2011 Voltage Traveling wave 2 Buses No No No 230 No  [23]
[145] 2013 Current Traveling wave 2 Buses No No No 231 No [21]
[146] 2022 Voltage Traveling wave 2 Buses No Yes Yes 230 No  [24]
[147] 2014 Voltage Traveling wave NM No No No 230 Yes NM
[148] 2013 Current Wavelet & ANN 90 Buses No Yes No 13.8 No [12]
[149] 2018  Both** Wavelet & ANN  'EEE 13 SIFEE T ves Yes  No 416-249% No [11]
[150] 2020 Current ANN IEEE 123 Yes Yes No 4.16 No  [24]
[151] 2015 Both** ANN 4 Buses No No No 400 No  [24]
[152] 2011 Both** Wavelet & WANN 2 Buses No No Yes 400 No  [24]
[153] 2006 Both** Phasor & ANN 14 Buses No Yes No 13.8 No [11]
[154] 2018 Both** Parameter & ANN 14 Buses Yes Yes No 13.8 No [12]
[155] 2005 Both** Parameter & ANN 2 Buses No No No 240-500* Yes [24]
[156] 2011 Both** ANN 90 Buses No Yes No 13.8 No [12]
[157] 2022 Both** XGBoost |IEEE-14 No No Yes 132 No  [24]
[158] 2018 Both** ANFIS 24 Buses No No No 25 No [158]
[159] 2016 Both** Fuzzy 227 buses No No No 13.8 No [24]
[160] 2020 Current GPR 6 Buses No No No 22 No  [24]
[161] 2016 Both** SVM 2 Buses No No Yes 400 No NS
[162] 2014 Voltage SVM & Traveling wave 2 Buses No No Yes 230 No [21]
[163] 2014 Both** Zero Sequence Power NM No No No 22 Yes NM

*Voltage level for a field test or second modeled network

**Both means that both voltage and current signals are used.
NS is for Not Stated

NM is for Not Modeled. These studies were verified with real data.

2.3.2.1 The popularity of HIF localization techniques

When the studies related to HIF location in literature are considered, 25 studies for

finding fault sections and 40 studies for estimating the fault distance were found.

Studies have been conducted since 2000 when HIFs started to be maturated. Although
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fewer fault localization papers were published on the topic comparing the other

subjects of HIFs, some outcomes can still be inferred.
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Figure 2.7 : Number of published papers by year.

As a first outcome, it can be declared that there has been a noticeable increase in
interest in this field, particularly over the last decade, as shown in Table 2.2 and Table
2.3. The number of published papers in the literature continues to grow yearly. Figure
2.7 illustrates the yearly quantitative distribution of reviewed articles for each type of
localization. As seen from the figure, only six papers were published between 2000

and 2010, while 59 papers were published in the following years.

2.3.2.2 Discussion of proposed HIF localization techniques in the literature

Various HIF localization methods were compared by examining several factors,
including the applied methods, test systems, operating voltages, loading conditions,
noises, and HIF models. These factors are summarized in Table 2.2 and Table 2.3,
categorized by localization methods, which include identifying faulty sections and

pinpointing exact locations.

When the literature is evaluated, it is observed that methods used in two different HIF
location categories are varied. As discussed previously, two main approaches are

considered: finding the estimated area and pinpointing the exact location. The pie

30



charts showing the distribution of proposed methods from the investigated papers are

presented in Figure 2.8

Faulty Section Exact Location

= Wavelet Transform Based
 25C Based
' Voltage Based
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= Impedance Based

= Machine Learning Based

* Traveling Wave Based
Others

Figure 2.8 : Proportional percentages of methods used to find a faulty section and
exact location by considering HIFs.

Although WT-based techniques are mainly used to estimate faulty zones, they do not
necessarily offer a significant advantage over other methods. While the WT-based
method was proposed in the mid of the 2010s, many researchers have preferred ZSC-
based methods in recent years due to their straightforward implementation with relays.
On the other hand, impedance-based and machine-learning methods are preferred in
82.5% of the studies for determining the exact location of HIFs. As mentioned
previously, it is believed that the main reason for choosing impedance-based methods
seems to be their ease of implementation despite their higher error rates compared to
other methods. Machine learning has become the second most popular method due to
its relatively uncomplicated applications and high success rates. However, 13 out of
14 reviewed machine learning-based studies did not test their methods with multiple

networks to escape retraining the algorithm.

Similarly, measured signals in the two different categories of HIF location studies
differ from each other. While both current and voltage signals are utilized in most of
the pinpointing HIF studies, one of the power signals is generally preferred in faulty

section localization studies.

Papers are also evaluated regarding their voltage levels as distribution and
transmission network voltages. An analysis of Table 2.2 shows that over 90% of
studies focused on distribution networks when aiming to find zones of HIFs. On the
other hand, studies conducted for transmission networks increased from 10 to %50 in
exact fault location studies, as indicated in Table 2.3. It is believed that this difference

occurred due to the varying sizes of network configurations between distribution and
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transmission networks. While distribution networks have lateral branches that create
multiple pathways for faults, transmission networks are generally modeled as one line
between two buses in simulation studies. Thus, identifying faulty sections in small
networks as transmission networks will be a detection rather than a localization study.
Based on this fact, it can be asserted that studies aimed at identifying faulty sections

have focused on larger networks compared to pinpointing exact fault location studies.

Furthermore, it can be observed that most of the transmission networks (70%) used in
precise fault location studies are modeled as two busses networks. Moreover, most
studies did not test their methods in large and complex configurations. Even the studies
use distribution networks, chosen simple networks. Only five out of 20 papers (25%)
considered distribution networks and tested their methods in networks with more than
35 buses. This data supports the idea that authors choose simpler networks to avoid

the challenges associated with accurately pinpointing HIF.

When validations of proposed methods are investigated, 58 out of the 65 papers
presented pure simulation-based studies that did not test their methods with actual field
data. 5 out of 7 remaining articles tested their methods with actual HIF signals in the
simulations. The outcomes of these papers indicate that the error percentage in real
data-based verifications is higher than in simulation-based studies. Therefore, it can
be inferred that tests, including signals from stage faults, are necessary to ensure the
performance of the proposed methods. Besides the actual data verification, some
unavoidable conditions in the field were not accounted for in the studies. For instance,
loading variation, an essential parameter particularly for the distribution networks, was
not considered in all studies. Even though different loading conditions can affect the
accuracy of almost all methods, only 23 papers investigated the influence of various
loading conditions in proposed methods. Similarly, noise is also not taken into
consideration for the majority (72.3%) of the studies. Even though it is inevitable in
the actual power systems when measuring the voltage and current signals, just 12 from
exact localization-based reviewed papers and six from faulty section-based reviewed
papers checked the influence of noise to ensure the performance of a proposed
algorithm. However, as an improvement, it can be stated that studies have placed
greater emphasis on the effects of noise in recent years, according to Table 2.2 and
Table 2.3.
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Additionally, arcing high impedance faults are not taken into consideration in all
studies to simplify it. Almost half of the studies for faulty section and exact location
categories used the constant resistance model [24] as a fault rather than models
representing HIF characteristics. In some reviewed studies, the error percentage
increases with increased fault resistance even though they applied constant resistance
as a fault. Thus, this percentage is expected to be higher with more complicated HIF
models. Since the proposed methods in half of the studies do not consider realistic HIF

models, their effectiveness cannot be guaranteed.
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3. EXPERIMENTAL SETUP AND EVALUATION OF CAPTURED DATA

This section explains the test setup and recorded signals for each HIF type.
Experiments for different kinds of HIFs are conducted in the Istanbul Technical
University Fuat Kiiliink High Voltage Laboratory. Then, captured current signals are
used to extract the characteristics of HIFs. The extracted characteristics from these
captured HIF current waveforms were also investigated and visually proven with

known behaviors.

3.1 Experimental Set-up

Power
Supply Limiting
@ —;Hg— Resistor
Step-up
Transformer High Impedance
Object
Shunt

Resistor =T Data Reader

Figure 3.1 : Experimental test schematic of HIF.

In order to generate HIF signals, an experimental setup was created in a laboratory,
and experiments were conducted. The test schematic for a high impedance fault is
given in Figure 3.1 below. In this figure, a high voltage (HV) transformer with a power
rating of 25 kVA is used to increase the test voltage to the distribution voltage level

from the grid voltage. The voltage was applied up to 12 kV during the tests. A 25 kQ

35



current limiting resistor is employed in series with high impedance to protect the
transformer. Finally, a shunt resistor with a value of 25 ohms is used in the test system
to record the current signals. Current signals were measured and recorded with a 5 kHz
sampling frequency via Labview software for each created high impedance fault.
These real HIF signals will then be used as fault data in the scenarios to be created in

the selected branched distribution system in the simulation environment.

3.2 Tree Touching

The test setup images for the HIF event, which takes place when a tree or branch comes
into contact with an overhead line, are shown in Figure 3.2 and Figure 3.3. A freshly
cut tree was used for the testing. The arc began to ignite at approximately 3 kV, and
shortly afterward, burning was observed at the contact point of the tree branch. Several
tests were conducted, and HIF signals were recorded for further evaluation and
simulation tests. One of these recorded signals is displayed in Figure 3.4 below.

1 \ & { - | -

Figure 3.2 : The first test set-up picture for a tree-leaning overhead line in the
laboratory environment.
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Figure 3.3 : The second test set-up picture for a tree-leaning overhead line in the
laboratory environment.
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Figure 3.4 : Recorded HIF signal when a tree touches an overhead line.

To be sure about the test results, the captured signal for the tree branch was compared
to one of the similar case signals from the literature. For both cases, two cycles of
current signals are presented in Figure 3.5 and Figure 3.6. When one evaluates the

signals, one notices the similarities in the distortions on zero crossing and peak values.
Moreover, zero-crossing lengths are also almost identical.
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Figure 3.5 : Imported HIF signal when tree touches the overhead line.

38



T - " - - » [ wir
- ——

Figure 3.6 : HIF signal from literature when the tree touches the overhead line.

3.3 Broken Conductor
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Figure 3.7 : HIF test picture when the contact surface is sand.
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Figure 3.9 : HIF test picture when the contact surface is soil.
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The applied voltage was up to 14 kV, and signals were recorded with a 5 kHz sampling
rate using Labview software for broken conductor cases. Several scenarios involving
changing surfaces were tested for a broken conductor. Sand, gravel, and soil were
selected as the surfaces for testing. The test setup pictures for a fault, when the
overhead line conductor breaks and touches the surface of sand, gravel, and soil, are
presented in Figure 3.7, Figure 3.8, and Figure 3.9 respectively. While the depth of the
contact surface was 5 centimeters (cm) in most of the tests, 2.5 cm and 7.5 cm depths

were also tested to assess their impact.

3.3.1 Gravel

Initial experiments were conducted on dry gravel using various voltage levels. The
voltage signals were captured through a 25 Q shunt resistor for different voltage
magnitudes and depths, as illustrated in Figure 3.10 and Figure 3.11. The data indicate

a consistent increase in current values relative to the applied voltages.
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_1 2 1 1 1 1 1 1 1 1 1
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Figure 3.10 : Recorded HIF signals for different applied voltages when the surface is
5 cm dry gravel (Blue: 11.5 kV, Red: 7 kV, Yellow: 4 kV).
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Figure 3.11 : Recorded HIF signals for different applied voltages when the surface is
7.5 cm dry gravel (Purple:11.5 kV, Blue: 9.5 kV, Red: 7 kV, Green: 4
kV).

Furthermore, an FFT was performed to analyze all recorded signals, revealing the

presence of the third harmonic within the fault signals. The FFT results for two distinct

voltage levels are presented in Figure 3.12. It has been observed that the 3@ harmonics
are dominant in the fault current along with the 5™ harmonics, although the percentage

is different at various voltages.
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Figure 3.12 : FFT results for recorded HIF signals when the surface is dry gravel (Left:
7 kV, Right: 4 kV).

In addition to the investigations conducted on dry gravel for different voltage levels,

HIF signals obtained at several depths were compared using a voltage of 4 kV, as
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shown in Figure 3.13. As the depth decreases for the same applied voltages, higher
currents are observed, as expected.
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Figure 3.13 : Recorded HIF signals for different depths (2.5-5-7.5 cm) when the
surface is dry gravel.
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Figure 3.14 : Comparison of recorded HIF signals for when the surface is dry and wet
gravel.
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Subsequent tests were carried out with wet gravel at a depth of 7.5 cm. Due to the rapid
increase in voltage values, a maximum voltage of only 4 kV was applied for these
tests. Figure 3.14 presents a comparison of the HIF waveforms from dry and wet gravel

at a depth of 7.5 cm. Based on the results, higher current flows were observed on the
wet surface.

3.3.2 Sand

Aside from gravel, laboratory tests were conducted on sand as well. The measurement
of soil conductivity was not conducted; however, as indicated in the literature, it is
typically between 1 and 100 mS/m. The sand employed in this thesis is derived from
a coastal beach environment. The depth measured 5 cm, and various voltages were
applied when the contact surface was dry sand. The recorded fault signals are
illustrated in Figure 3.15. When comparing these signals to those from gravel, the

signals from sand displayed similar characteristics but at higher magnitudes.
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Figure 3.15 : Recorded HIF signals for different applied voltages when the surface is
5cmdry sand (Blue:11.5 kV, Red: 9.5 kV, Yellow: 7 kV, Purple: 4 kV).

Moreover, wet sand was tested in 4kV applied voltage. As expected, the recorded

current signals exhibited higher magnitudes. For better understanding, a comparison
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was made between dry sand at 11.5 kV and wet sand at 4 kV

. An illustration of both
signals is shown in Figure 3.16.
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Figure 3.16 : Comparison of recorded HIF signals for when the surface is dry sand

(Applied voltage: 11.5 kV, Color: Red) and Wet Sand (Applied voltage:
4 kV, Color: Blue).

3.3.3 Soil

Soil was selected as the final test surface. Its lower resistivity than other surfaces
resulted in higher current magnitudes in the fault signals. Therefore, only 4 kV and 7
kV were applied, and the recorded signals are illustrated in Figure 3.17. Additionally,
the frequency spectrum of the recorded signal at 4 kV is provided in Figure 3.18.

Consistent with other surfaces, 3 harmonic values appear to be dominant.
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Figure 3.17 : Recorded HIF signals for different applied voltages when the surface is
5 cm soil (Red: 7 kV, Blue: 4 kV).
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Figure 3.18 : FFT results for recorded HIF signals when the surface is soil (Applied
voltage: 4 kV).
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3.4 Characteristics of Captured Signals

As mentioned in the literature, HIFs have several characteristics. This section presents
these specific features of HIFs by evaluating the captured current signal from

laboratory tests.

3.4.1 Low fault current

The amplitude of the measured fault current is low due to the high impedance of the
fault path caused by tree and surface contacts. This characteristic is one of the most
fundamental features of HIF and one of the main reasons why it's challenging to detect

such faults with traditional protection devices.

3.4.2 Asymmetry

The positive and negative half-cycles of HIFs display asymmetrical behavior. This

characteristic of asymmetry, seen in recorded signals, is presented in Figure 3.19.
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Figure 3.19 : Asymmetry behavior of HIF signal.
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3.4.3 Nonlinearity

Another phenomenon to found is the nonlinear characteristic occurring around the zero
crossing, which leads to the creation of harmonics in the HIF current. Distortions at
the signal are apparent, especially in zero-crossing, as shown in Figure 3.20. These
distortions and non-linearity characteristics create harmonics in the faults.

Current (A)

0 10 20 30 40 50 60
Millisecond (ms)

Figure 3.20 : Nonlinear behavior of HIF signal.
3.4.4 Build up and shoulder

One of the documented features of HIF is build-up and shoulder. In this feature, the
current increases several cycles and remains steady for a few cycles. The same
characteristic is observed in recorded signals. One of the signals showing this feature

Is presented below in Figure 3.21.
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Figure 3.21 : Build-up and shoulder behavior of HIF signal.

3.4.5 Randomness

It's essential to note the random nature of the HIF current. The impedance of the faulted
path randomly changes, leading to variations in current amplitude, as illustrated in
Figure 3.22. Here, impermanent physical contact of the line with high-impedance

objects and the arcing creates an unpredictable fluctuation in the current signal.
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Figure 3.22 : Randomness behavior of HIF signal.
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3.4.6 Intermittence

The HIF current is not consistently stable because the arc goes through periods of
extinction and reignition, resulting in disturbances in the fault current. Additionally,
the fault impedance fluctuates due to chemical reactions and other factors. These
factors result in the intermittence phenomenon, as shown in Figure 3.23.
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Figure 3.23 : Intermittence behavior of HIF signal.
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4. HIF DETECTION STUDIES WITH MACHINE LEARNING METHODS
IN BRANCHED DISTRIBUTION NETWORK

High impedance faults are complex faults that affect the stability and reliability of the
distribution networks. Based on reviewed studies, machine learning methods have
been used extensively to detect such faults due to their superiority to others in the
detection performance. However, their performances were not evaluated thoroughly
in the studies. Most published papers didn’t consider actual fault signals and all
possible cases that can occur in the distribution networks. Therefore, events having
similar characteristics with HIFs were also considered in the simulation.

Besides different cases, two scenarios were also tested with various machine learning
algorithms, such as ANN and SVM. The initial scenario involved testing two input
features from the literature in machine learning algorithms with three different
datasets. These datasets included HIFs created based on predefined models, actual
recorded signals from laboratory tests, and both. Since chosen input features from the
literature utilized wavelet coefficients, two mother wavelets were tested to understand
their effects on the accuracy. Moreover, different configurations of machine learning
methods were evaluated.

As a second investigation, the influence of the noise on pre-trained algorithms was
tested. This sensitivity analysis considered input parameters from the previous
scenario. Since real-world data often contains noise, 20 dB, 40 dB, and 60 dB signal
to noise ratio (SNR) noises were added to signals to analyze the performances of
machine learning methods.

All the simulations were conducted using the IEEE 34-bus test benchmark radial
distribution network, modeled in a MATLAB/Simulink environment. This unbalanced
test system is a real network located in the United States. It includes a mix of single-
phase and three-phase loads, overhead lines, voltage regulators, and capacitor banks.

Therefore, it can be considered a realistic and complex distribution network. Current
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waveforms were recorded on the source side of the network (Bus 802). An illustration

of the IEEE 34 bus test benchmark is presented below in Figure 4.1.
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Figure 4.1 : IEEE 34 bus test benchmark.

In the following, tested machine learning algorithms, discrete wavelet transforms, and
created various test cases are explained. Then, the results of the different machine

learning algorithms considering several scenarios are discussed in detail.

4.1 Theory Of Utilized Machine Learning

The main objective of machine learning is to intelligently analyze the data and address
problems by creating efficient learning techniques. Machine learning encompasses a
wide range of techniques, divided into categories such as supervised, unsupervised,

semi-supervised, and reinforcement learning.

4.1.1 ANN

ANN is one of the most popular machine learning methods. The term "Artificial
Neural Network" is derived from biological neural networks. ANN consists of
interconnected neurons in different layers. The artificial neurons are connected
through specific weights (®) adjusted in the learning process [164]. Artificial neural
networks consist of 3 layers, which are input, hidden, and output layers. Figure 4.2

provides a general diagram of ANN.
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Figure 4.2 : Artificial Neural Network with 1 hidden layer.

Each input (Xi) passes through neurons in the hidden layer after multiplying with their
respective weights (wij). Next, these values go through activation functions (y) in the
hidden layer, and the weighted (o;) results are summed to determine the output value
(Y) in the output layer. Throughout the training process, the network iteratively
modifies its weights and biases. The process continues until the error in training data
reaches an achievable minimum value. In other words, the process continues till the
difference between the predicted output and the actual target is minimized. There are
different types of ANNSs. One of them is backpropagation. Backpropagation (BP) is
widely recognized as one of the most effective methods in the ANN literature.
Therefore, the backpropagation algorithm [165] is applied in this study for a

supervised learning neural network. It has one hidden layer and 100 neurons.

4.1.2 SVM

Support Vector Machine is a well-known machine learning method used mainly in
classification problems. The main working principle of the technique is creating a line

to separate various classes of data sets. This line is called a hyperplane. The objective
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is to find the best hyperplane that maximizes the margin between data sets of
categories. Several types of kernel functions, such as polynomial, linear, and Radial
Basis Functions (RBF), can be used in SVM to separate training data in different
(higher) dimensional spaces [166]. A linear kernel function that gave better results for
HIF detection is chosen in this paper, as shown in Figure 4.3.

<

W

Hyperplane

Figure 4.3 : Linear Support Vector Machine.
4.2 Theory Of Discrete Wavelet Transform

The discrete wavelet transform was created in 1988 [168]. Since then, this method has
been widely used to address power network issues. DWT decomposes a signal into a
series of dilated and translated versions of the mother wavelet function as formulated
in (4.1).

—ibga
DWT(f,m,n) = ZX *(p(n Do 0) 4.1)
Vag 4

In the formula, the variable "m" is an integer that controls the scaling (a) and

translation (b) parameters. X(k) represents the input signal, and " ¢(n)" stands for the
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mother wavelet. The Multiresolution Analysis is the most commonly utilized
technique for carrying out the DWT. This approach breaks down the signal into
components that represent both low and high frequencies, known as approximation
(A) and detail (D) coefficients. Figure 4.4 illustrates the structure of a three-level DWT
algorithm applied to an input signal.

Level-1 Level-2 Level-3

Input < “
Signal X(i)

Figure 4.4 : Structure of three-level DWT (A: Approximation, D: Detail).
4.3 Simulations Cases

Since machine learning methods were selected for HIF detection, a database was
created to train the algorithms. Thus, various non-HIF distribution power system
events, such as shunt capacitor bank switching, linear load switching, rectifier load
switching, and low impedance fault (short circuit), were simulated with HIF cases to
investigate the robustness of algorithms. Details of these events are provided in the

following subsections.

4.3.1 Actual HIFs

Recorded HIF signals that occurred due to tree-touching lines were imported into the
simulation directly as actual HIFs. These signals were modeled as a current source.
The magnitudes were scaled to vary between 5 %and 20% of the network’s nominal
current. Twenty different actual HIFs were created and added to the simulations.

4.3.2 Modeled HIFs

For the high impedance fault model, a simplified Emanual model is used [29]. Two
unequal resistance R1 and R2 series with a diode and direct current (DC) voltage

sources were implemented parallelly in this model as shown in Figure 4.5. Range of
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R1 and R2 values were assigned such that the magnitude of fault current varies
between %5 and %20 of the nominal current. Then, 20 different HIF cases were

modeled and simulated.
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Figure 4.5 : Simplified Emanual HIF model.
4.3.3 Shunt capacitor bank switching

The switching of capacitor banks is one of the events in distribution networks that are
inevitable. Furthermore, such events show similar characteristics to HIF signals.
Therefore, they should be considered while testing the effectiveness of HIF detection
methods. Hence the test system already has capacitor banks placed on buses 844 and
848, switches were inserted in series with these capacitors, and the simulation tests
were conducted. Capacitor bank capacities for full and half loads were analyzed for

each case, resulting in four combinations (2x2=4 cases).

4.3.4 Linear load switching

test the efficiency of HIF detection methods. New loads with switches were added to
the system to simulate load switching. Both one-phase and three-phase loads between
0 % and 15 % of the nominal load in a step of 2.5 % were modeled (6 Cases).
Moreover, the same loads were simulated as increasing loads started from their half-
assigned value with the closing of switching to the total assigned magnitude of load
during 150 ms (6 Cases).
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4.3.5 Rectifier load switching

HIFs have nonlinearity characteristics that cause harmonics up to 600 Hz in current
signals [13]. Therefore, nonlinear loads exhibit behaviors close to HIFs and should be
studied in HIF detection studies to prove the performance of the proposed methods. In
this study, a six-pulse rectifier with DC loads was modeled. Similar to the linear loads,
both direct and increasing loads were simulated, and their values were changed from
0 % to 15 % of the nominal load in a step of 2.5 % (2x6=12 Cases).

4.3.6 Low impedance fault (short circuit)

Studies indicated that more than 80 % of faults in a distributed system are single-phase
to-ground faults [169]-[170]. Thus, such events should be examined to test the
robustness of the methods. In addition to high impedance faults, simulations of low
impedance faults in one phase to the ground were carried out for 20 cases in different

locations and used in the database to train algorithms.

4.3.7 Noise

There is another phenomenon that affects the verification of proposed detection
methods. This inevitable factor is noise. In a real system, each recorded data comes
with noises. To understand its impact on detection methods, noises of SNR 20dB, 40
dB, and SNR 60 dB were added to signals to be trained.

4.4 Simulations Results

All the created cases for training and testing data have been listed in Table 4.1. The
duration of cases was 150ms, and the beginning time was changed in the cycle slot (16
instances in one cycle) for each simulated case. As indicated in Table 4.1, 1408 cases
were simulated. Methods were tested both with and without considering actual HIF
data. Therefore, different databases are created. The first database consists of only
modeled HIF, and the second one involves only actual HIF signals. On the other hand,
a third combines all HIF cases. After the creation of databases, 70% of cases were used

for training the algorithms, while 30% were reserved for testing and validation.
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Table 4.1 : Number of cases in terms of related events.

Simulated Cases Number of cases
High Impedance Fault-Real 20 x 16 =320
High Impedance Fault-Modeled 20 x 16=320
Low Impedance Fault 20 x 16=320
Shunt capacitor bank switching 4 x 16=64
Linear load switching 12 x16=192
Rectifier load switching 12 x 16=192

4.4.1 Scenario 1: Results of published methods for different HIF datasets

Two machine learning methods with different configurations were assessed across
three databases. Moreover, two distinct input approaches from published studies were
selected for evaluation. The first approach involved using the standard deviation of the
wavelet coefficients of seven levels. The second approach utilized the energy sum of
the first four levels of discrete wavelet coefficients as input. The Db4 and sym5
wavelets were employed as the mother wavelets to derive the coefficient values. An
initial investigation was conducted using an ANN with different activation functions
and layer configurations while the epoch was set to 100. The results for the first

approach are presented in Table 4.2.

Table 4.2 : ANN results when inputs are the standard deviation of coefficients for

seven levels.

Configuration Actual HIF Modeled HIF Both
Activation: Logistic

Layer: (100,1) 95.00 99.20 92.27

Mother Wavelet: db4
Activation: Logistic
Layer: (50,2) 62.75 81.69 74.88
Mother Wavelet: db4
Activation: Tanh
Layer: (100,1) 69.92 76.63 71.90
Mother Wavelet: db4
Activation: Tanh
Layer: (50,2) 91.12 96.12 85.82
Mother Wavelet: db4
Activation: Logistic
Layer: (100,1) 94.29 99.63 95.15
Mother Wavelet: sym5
Activation: Logistic
Layer: (50,2) 73.12 84.29 71.91
Mother Wavelet. sym5
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When evaluating results, databases that include staged HIF signals exhibit lower
accuracy than a trained and tested database that consists solely of modeled HIFs. There
is no significant difference in accuracies based on the change of mother wavelet except
for the ANN having a logistic function and 100 neurons. For this case, when a database
that combines actual and modeled HIFs and utilizes the mother wavelet db4 was
selected, accuracy decreased dramatically. While the logistic function showed better

results for 1 Hidden layer and 100 Neurons, it became vice versa for tanh.

On the other hand, the results for the energy sum approach are shown in Table 4.3.
ANNSs trained with a database that includes actual and simulated HIFs have lower
accuracy rates than the other two databases. There are apparent differences in
accuracies based on the change of the mother wavelet. Furthermore, an ANN
configured with two hidden layers and 50 neurons utilized sym5 as the mother wavelet,
outperformed db4. In contrast, an ANN with one layer and 100 neurons trained with
energies from db4 wavelet coefficients became superior to sym5. Additionally, the

tanh function showed better results than the logistic.

Table 4.3 : ANN results when inputs are the sum of energy of coefficients for four
levels.

Configuration Actual HIF Modeled HIF Both

Activation: Logistic
Layer: (100,1) 82.45 79.86 59.75
Mother Wavelet: db4
Activation: Logistic
Layer: (50,2) 67.29 68.59 62.62
Mother Wavelet: db4
Activation: Tanh
Layer: (100,1) 93.25 92.56 88.33
Mother Wavelet: db4
Activation: Tanh
Layer: (50,2) 81.92 80.07 75.66
Mother Wavelet: db4
Activation: Logistic
Layer: (100,1) 67.71 67.22 58.20
Mother Wavelet: sym5
Activation: Logistic
Layer: (50,2) 77.86 75.82 68.00
Mother Wavelet: sym5

A similar investigation was conducted using SVM. Two different kernel functions
were considered for each tested mother wavelet. Therefore, four outcomes for each

trained database were obtained. The outcomes are displayed below in Table 4.4.
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According to the findings, SVM with linear kernel function slightly outperformed
SVM with RBF when trained with the standard deviations of wavelet coefficients.
Nevertheless, all results achieved over 92% precision in distinguishing HIFs from

other events when the standard deviation approach is considered.

On the other hand, implementing the energy sum approach resulted in reduced
accuracy across all three databases examined. Moreover, when both actual and
modeled HIFs were included in the database, the precision of HIF detection did not
exceed 62%. Regarding kernel functions, no substantial differences were noted,
although the results when the mother wavelet was sym5 were superior to those for the
db4.

Table 4.4 : SVM results when inputs are standard deviation and sum of energy of
coefficients.

Inout SVM-RBF SVM-Linear
Me‘?ho q Database
sym5 db4 symb5 db4
S Actual HIF 91.94 94.27 94.31 93.78
kS
38
2 % Mﬁ?:led 96.24 96.67 99.47 97.16
S<
S
n Both 94.94 92.27 95.52 92.43
- Actual HIF 80.84 67.61 79.39 70.00
w s Modeled
5 5 HIF 80.29 66.43 79.88 71.45
E<
@
Both 61.28 61.30 61.24 61.43

4.4.2 Scenario 2: Results of noise-added signals

Under this section, the impact of noise was assessed using the same machine learning
methods and input approaches. To achieve this, noise with SNR of 20, 40, and 60 dB
was added to the existing current waveforms in the databases. This process generated
new current signals with added noise. Afterward, these noisy signals were tested using
the pre-trained algorithms. The prediction results of these methodologies were

analyzed at a sampling rate of 100 kHz, employing the sym5 wavelet as the selected
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mother wavelet for all experiments. Findings were presented in Table 4.5 and Table
4.6 for two distinct input approaches. The results indicate that the performance of
algorithms declined with the increase in decibels of noise, regardless of the machine
learning method or input approach used. The standard deviation of wavelet coefficients
utilized as input to machine learning methods became superior to the energy sum
approach for all cases. ANN achieved the highest accuracy rates when noise-added

signals are considered.

Table 4.5 : Performance of ANN and SVM with noise when inputs are the sum of
energy of coefficients.

Noise
ANN SVM

Level
dB (1,100) (2,50) RBF Linear
0 58.20 68.00 61.28 61.24
20 45.87 41.71 34.05 38.77
40 43.40 37.82 29.45 32.73
60 32.01 35.20 25.14 29.29

Table 4.6 : Performance of ANN and SVM with noise when inputs are standard
deviation of coefficients.

Noise
ANN SVM

Level
dB 1,100 2,50 RBF Linear
0 95.15 71.91 94.94 95.52
20 67.90 59.37 49.65 56.21
40 59.17 55.88 45.28 51.45
60 56.50 49.20 37.34 45.89

4.5 Discussion and Conclusion of Studied HIF Detection Methods

Machine learning algorithms were assessed for HIF detection, considering almost all

non-HIF events and the influence of noise. The results indicated that the ANN
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algorithm provided the best performance for noisy and noise-free signals. ANN
method demonstrated the highest accuracy across various noise levels. The study
revealed that using the standard deviation approach to feed machine learning methods
outperformed the energy sum approach. Notably, when only modeled HIF cases were
considered, both machine learning methods achieved greater than 99% classification
accuracy with the standard deviation approach. However, it was observed that
increased noise levels tended to decrease algorithm accuracy, regardless of the

employed algorithm or input methods used.

Additionally, the selection of mother wavelets, specifically Sym5 and db4, did not
significantly affect accuracy. Nevertheless, the Sym5 wavelet produced slightly better
results for the database that included both modeled and actual HIF signals, suggesting
that while the choice of wavelet may not be critical, it can still influence outcomes to

some extent.
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5. HIF LOCALIZATION STUDIES WITH ANN IN BRANCHED
DISTRIBUTION NETWORK BY EVALUATING FEATURE SELECTION
METHODS

Distribution utilities responsible for supplying electricity face challenges in
maintaining a continuous power supply and serving end consumers. Locating faults in
the distribution network is one major challenge since faults can cause long-duration
disruptions in power supply. Therefore, effective fault localization techniques,
particularly for high impedance faults, have become a key area of focus. Existing
studies have primarily employed machine learning methods with features derived from
signals. However, none have applied feature selection strategies or justified their
preferred features by comparing them with different feature subsets. Moreover, it was
found that test systems typically did not involve a significant number of buses and
lateral branches. Additionally, the studies generally considered direct resistance with
low ohm values as the representations of HIF to simplify the complexity of HIFs.
Furthermore, methods relying on fundamental electrical parameters are less affected
by noise, whereas techniques based on high-frequency components may be vulnerable
[64]. However, numerous studies did not assess the impact of noise on the method's

accuracy, even though they used features obtained with high-frequency information.

Therefore, the mentioned gaps are tried to be fulfilled by evaluating the performance
of feature selection techniques in locating HIFs before offering a new localization
approach in the thesis. Recorded current signals from the laboratory were used as fault
data in the IEEE 34 bus distribution system in the simulation environment. The five
most offered statistical features are utilized to train Artificial Neural Networks:
standard deviation, variance, skewness, kurtosis, and the sum of energy content. These
features are derived from extracted details and approximation coefficients in 7 levels
from HIF current signals using Discrete Wavelet Transforms. Afterward, feature
selection methods, which are wrapper, filter, and embedded methods, were employed
to choose the best subset from the created 40 features. The selected subsets from each
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selection method feed an ANN to locate HIFs. All statistical features utilized in the
feature pool and the examined feature selection techniques are detailed in the following

subsections, along with the simulation results.

5.1 Statistical Features

The extraction of meaningful features from data can be achieved through various
methods. Statistical approaches are commonly employed for feature extraction to
recognize patterns and attributes within the data. Based on the reviewed papers, it is
evident that many studies have focused on utilizing only a limited number of statistical
variables. However, the present study aims to encompass a comprehensive range of
statistical variables. The statistical features that have been utilized are elaborated upon

below.

Standard deviation: It (abbreviated as o) is a measurement of how scattered the data
(Xi) is in relation to the mean (u). The majority of values are centered in one area.
When the standard deviation is low, the data are centered around the mean, and when
it is large, the data are wider. The formulation of the standard deviation is given below.

N represents the number of the data points.

N L 2
o j l-:l()]fvl ) )

Variance: It (¢°) is the average of the squared differences of values in the data from

the mean, which is the average or the most common value in the data.

Skewness (Sk): It is an indicator of a lack of symmetry. Data that is symmetric
typically exhibits a skewness near zero, as the skewness for a normal distribution is
zero. The deviation of each value from the mean is where the fundamental skewness
begins. They are cubed and added together. Then this sum is divided by the cube of
the root mean square standard deviation and number of data points. The formulation
of skewness is shown below.

?I=1(Xi - .U)3

Sk == N =103

(4.3)

Kurtosis (Kr): This metric measures whether the data has heavier or lighter tails

compared to a normal distribution. The formulation of Kurtosis is given below.
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?I=1(Xi - ll)4

Kr =
TTTIN=—1D)o?

(4.4)

The sum of Energy Content (Ex): To distinguish the characteristic features of data
with higher values, the square of the absolute value of data can be summed. The result
of this process is called the sum of energy content. The formulation of it is presented
below.

N
Ex =) (X;)? (4.5)
2

5.2 Feature Selection Methods and Methodology

5.2.1 Feature Selection Methods

Using an extensive set of features leads machine learning algorithms to overfit and
increase computational cost. Moreover, all the features in the dataset may not be
relevant. Generally, only a few variables in the dataset are practical, and the rest of the
features are either redundant or irrelevant features. Utilizing these redundant features
may decrease the performance of the algorithm. Feature selection methods come into
the picture to avoid such negativity. The aims of feature selection are removing
uncorrelated features and finding the best set of features from the data while reducing
computational costs. In other words, this process is applied to reduce the computational
load and enhance the result accuracy of the method by minimizing the input data.

The methods for feature selection can be divided into three categories by considering
the presence of label information: supervised, unsupervised, and semi-supervised
approaches. Since the study aims to estimate the precise location of HIFs, supervised
feature selection methods were evaluated. These methods can be grouped into
wrapper, filter, and embedded methods based on their selection strategies and

integration with the learning algorithm [171].

Selecting a suitable feature selection technique relies on the distinctive characteristics
and requirements of the dataset and the underlying learning task. Wrapper methods
use a specific learning algorithm to assess iteratively the performance of features. On
the other hand, Filter methods do not rely on any learning algorithm; instead, they
determine feature significance based on data characteristics. Embedded methods
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incorporate the advantages of both filter and wrapper techniques by merging feature

selection with model learning and eliminating the need for iterative feature set

evaluations.

Feature
Selection
|
| | |
. Wrapper Embedded
Filter Methods Methods Methods
Backward
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Anova-F Feature
C . Forrest
Elimination
Forward
RReliefF Feature Extra Tree
. Regressor
Selection
LASSO

Fisher's Score -
Regularization

Figure 5.1 : Supervised feature selection methods covered in this thesis.

Supervised feature selection methods considered in the study are given in Figure 5.1.
These feature selection methods were investigated based on the accuracy of their
selections from the created feature pool.

5.2.1.1 Filter methods

Anova-F: The method examines each feature individually to assess its relationship
with the response variable. It is used to measure the degree of linearity between the
input feature and the output feature. A higher F-value suggests a strong linear
relationship. Although it is a straightforward method for understanding how a feature
is related to the response variable, it is important to note that this method is solely
capable of catching linear relationships.

RReliefF: RReliefF is a widely used method in the Relief family that can be utilized

for continuous regression problems. It conducts feature selection by establishing a
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model that relies on the proximity of relevant features to other features within the same

classes, as well as their distance from different classes [172].

Fisher’s Score: Fisher's score is one of the most commonly utilized techniques for
supervised feature selection. The theory behind it is based on the claim that high-
quality features should provide comparable values for instances belonging to the same

class while giving distinct values to instances from different classes.

5.2.1.2 Wrapper methods

Forward Feature Selection (FFS): This iterative method involves starting with the
feature and testing it against the target features. Then, the different variable is selected
based on how well it performs when paired with the initially selected variable. This
procedure repeats until the specified criterion is met. It's important to note that the
selected features may change in consecutive runs. Since there is no ranking in this
wrapping method as the filter method, only features based on the selected number will
be given at the end of the selection.

Backward Feature Elimination (BFE): This method performs in contrast to the FFS
method. The technique removes one feature at each iteration. It starts from all features

in the pool and continues eliminating features till the criterion is satisfied.

5.2.1.3 Embedded methods

Random Forest (RF): Random Forest is a popular tree-based feature selection
method introduced by Tin Kam Ho and developed by Leo Breiman [173], [174]. It
involves building numerous trees using random subsets of features by bootstrapping
and then combining their results to find the best solution. Similar to filter methods,

Random Forest determines the importance of features.

Extra Trees Regressor (ETR): Itis derived from Random Forest and offered in 2006
[175]. It differs from RF in the way of selecting split nodes. The Extra Trees Regressor,
also known as the Extremely Randomized Trees Regressor, chooses split points

randomly while RF looks for the best split nodes.

Lasso Regularization: The Least Absolute Shrinkage and Select Operator (LASSO)
is a type of regularization that minimizes the values of coefficients multiplied by the

penalty factor [176]. It uses L1 regularization, which compels the coefficients of less
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important features to become zero. This eliminates irrelevant features from the feature

pool.

5.2.2 Methodology of the Study

STEP 2
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Figure 5.2 : Steps of Applied Methodology.

This subsection explains the methodology of the study. It outlines the flow of the

studies conducted step by step. In the first step, necessary arrangements for the

experimental tests were made in the High Voltage Laboratory at Istanbul Technical

University. Next, HIFs were created and during the fault, current signals were captured

for use in the simulations. Following this, a distribution network with lateral branches

was selected and modeled to represent the actual system. The recorded signals were
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then scaled, and HIFs were introduced as current sources in various locations to create

cases.

After establishing the HIF cases, a DWT was applied to the current signals obtained
from the simulations at an n-level. From each extracted coefficient, several (m)
statistical features were derived. Subsequently, various feature selection techniques
were implemented to determine the optimal subsets of features for use in the ANN.
The effectiveness of these feature selection methods was assessed based on the results
produced by the ANN. Moreover, additional assessments were conducted on the
selected feature methods that provided the best outcomes. Figure 5.2 illustrates the
structure of the methodology employed in the study.

5.3 Simulation Results and Discussion

Simulations were carried out in the IEEE 34 buses test benchmark radial distribution
network. The network is modeled in a Matlab environment, and sampling rates of
100kHz were chosen on a 60 Hz base frequency. Since machine learning algorithms
were chosen as the HIF localization method, numerous cases were created to train
algorithms. These cases included different fault locations, fault resistances, and
inception angles. HIFs were placed at all 34 buses and every 500 meters between
sequential buses in 142 fault locations. The magnitudes of faults were randomly
assigned between 5% and 15% of the nominal current of the network. The duration of
cases was 150 ms, and the beginning time was changed in a cycle slot (0-90-180-270
degrees) for each simulated case. Moreover, 10 random fault magnitudes were
assigned for each location. In other words, 40 cases were created for each fault
location. Current waveforms for all three phases were recorded in the source bus
during the simulations. Later, DWT is applied to current signals to extract detail and
approximation coefficients in 7 levels. Five statistical parameters are calculated for
each coefficient (D1, D2, D3, D4, D5, D6, D7, A7). At the end of the process, 40

features are obtained.

All the created simulations for training and testing data have been listed in Table 5.1.
After that, some of the features among them are selected to train the machine learning
algorithm. 70% of cases were used for training the algorithms, while 30% were used
for testing. It should be noted that the method for pinpointing the HIF location assumes

that the HIF has already been distinguished and identified.
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Table 5.1 : Number of Simulated Cases in Terms of Related Event

Simulated Case Definitions Number of Cases
HIF Placed on a Bus 1360
HIF Placed Between Sequential Buses 5680
TOTAL 7040

The mentioned feature selection methods were evaluated by testing and comparing
them using the several variables they offered. An ANN having an activation function
as a rectified linear unit (ReLU), Ibfgs solver, 1 hidden layer, 100 neurons, and 500
epochs were considered. This structure is accepted as the base configuration in the
study. The recommended features from each feature selection method were tested in
the ANN with consecutive 250 times. Afterward, the average differences between the
faulted location and the estimated location in terms of meters are calculated. In the
following section results of selected features are presented to assess the effectiveness
of various feature selection techniques. For better evaluation, it should be noted that
ANN trained with 40 features yielded with 101.92 meter (m) estimation error.

5.3.1 Filter methods

The study involved calculating and ranking the importance of features for 40 features
using filter methods. A varying number of suggested features were then tested to
compare their effectiveness. In addition to evaluating the higher-ranked features with
the ANN, the lower-ranked features were also examined to understand whether

successful discrimination between relevant and irrelevant features was possible.
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Figure 5.3 : ANN results based on the selected features from the Anova-F method.
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Figure 5.4 : ANN results based on the selected features from the RReliefF method.

The results of train data errors obtained after ANN trained with features from the
Anova-F and RReliefF algorithms are presented in Figure 5.3 and Figure 5.4,
respectively. Both approaches identified Kurtosis, obtained with approximation
coefficients, as the top-ranked feature. While they differed after the second feature,
similar results were achieved in the algorithms up to the first twenty features.
However, the features chosen by the RReliefF algorithm result in lower errors when
all tested higher ranked feature subsets are investigated. ANN trained with the last ten
features gave a 3951.91 m distance error with the RReliefF, while a 187.51 m error
was observed with the Anova-F features. Higher error values indicate that the RReliefF

algorithm is more accurate than Anova-F in discriminating irrelevant features.
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Figure 5.5 : ANN results based on the selected features from the Fisher method.
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On the other hand, selected features using the Fisher method did not yield as good
results as the previous two filter methods. The results for different feature subsets are
illustrated in Figure 5.5. It can be observed from the figure that not only the most
highly ranked features resulted in higher errors, but also the less prominent ones
produced lower estimations.

5.3.2 Wrapped methods

Wrapper methods utilize learning algorithms in the feature selection process.
Moreover, both FFS and BFE methods iteratively search through different subsets of
features. Therefore, these methods are expected to produce better feature subsets. Each
method has its pros and cons in terms of working principles. For example, FFS requires
less computation time when evaluating fewer features, while BFE can eliminate most

irrelevant features more precisely.

The results for FFS and BFE are illustrated in Figure 5.6. Not only are the results for
the same number of features compared, but the best results are also compared. For up
to 10 features, the results are relatively close to each other. However, while FFS
identified 15 features as the best subset, BFE selected 13. Based on the results, FFS
yielded 33% higher precision than BFE. The outcome is believed to be a result of the
combination of features. Using more features to train ANN may decrease precision
when one or more features are involved in the subset, but they may increase accuracy

when fewer features are utilized.
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Figure 5.6 : ANN results based on the selected features from FFS and BFE methods.
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5.3.3 Embedded methods

Embedded methods combine the strengths of wrapper and filter methods. They engage
with the learning algorithm and provide feature sets without requiring iterative
evaluations. This means less computation time compared to wrapper methods. Similar
to filter methods, features can be scored to determine feature sets. Regularization and
tree-based models, the most popular types of embedded methods, were tested in the

paper.
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Figure 5.7 : ANN results based on the selected features from the Extra Tree method.
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method.
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The results for ETR and RF are presented in Figure 5.7 and Figure 5.8. As indicated
in the figures, the average error associated with fault location estimation decreased
with an increased number of features. Both algorithms demonstrated similar error
distances, while they differed in the best results and number of features to reach these
results. Random Forest outperformed the Extra Tree method in terms of accuracy of
best result. Moreover, they displayed superior performance compared to filter
methods. It is also worth noting that both algorithms effectively identified irrelevant
features based on the less offered features. Furthermore, the algorithms have the

potential to achieve higher accuracies by tuning their hyperparameters.

Different penalty terms are considered for Lasso regularization. However, it is
observed that higher penalty terms often lead to the removal of a majority of features.
Therefore, the maximum penalty term chosen is 0.1. Since the Lasso method set some
feature coefficients to zero, not all feature subsets were thoroughly assessed for
comparison. The results are demonstrated in Figure 5.9. Lasso regularization removed
31 features while offering 9 features with a penalty term of 0.1, and ANN trained with
the remaining features exhibited lower errors than other penalty terms. Furthermore,
when the same number of features, which is nine, are used to feed an ANN, the Lasso

method outperforms all other methods.
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Figure 5.9 : ANN results based on the selected features from the Lasso Regularization
method.
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5.3.4 Sensitivity analysis on feature selection methods

Average accuracy errors of feature selection methods with their computation time and
offered number of features to reach their best results are presented in Table 5.2.
Wrapper methods yielded superior outcomes, while embedded methods produced the
second-best results with lower execution time, as outlined in Table 5.2.

Table 5.2 : Evaluation of feature selection methods for their best feature subsets.

Number of Train Data Test Data Execution Time

Feature Selection Features for Error Distance Error Distance of_feature
Method selection method
Best Result (m) (m)
(second)
Fisher 34 95.46 103.86 0.1199
Anova-F 14 88.52 94.33 0.0635
RReliefF 14 85.74 93.11 1.2552
Forward Feature 15 55,59 60.30 137.6752
Selection
Backward Feature 13 65.13 69.10 149.1620
Elimination
Random Forest 13 71.73 77.82 0.6777
Extra Trees 15 84.48 90.58 0.2102
Regressor
LASSO 9 79.65 85.86 0.0648
Regularization
No Feature 40 101.92 111.09 ;
Selection

Since the initial findings were obtained for an ANN configured with base parameters,
further investigations were conducted using three distinct feature selection methods.
Based on the initial results, wrapper methods demonstrated superior outcomes, and
embedded methods yielded the second-best results with reduced computation time and
fewer features. Therefore, FFS from wrapper methods, which produced the best result,
was chosen as the first method. RF, the third-best result, and Lasso Regularization,
ranking fourth with the lowest number of features, were selected as other methods
from the embedded methods. The initial evaluation included comparing different

numbers of epochs. Figure 5.10 shows the estimation errors of the training data for
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FFS, Lasso, and Random Forest feature selection methods while epochs are 10, 50,
100, 1000, and 2000. It is evident from the figure that FFS generated the lowest errors

in fewer iterations.

Additionally, the RF method exhibited a more pronounced reduction in the difference
between calculated and actual fault location than others. Nonetheless, all methods
yielded better results than using all features without applying any selection to them.
Moreover, despite the Lasso method offering the lowest number of features, it

achieved similar errors at higher epochs.
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Figure 5.10 : Feature selection results with different epochs.

After the epochs assessments, various layer configurations and activation functions of
ANN are investigated to understand the efficacy of the provided features. Findings for
the different ANNs trained with the best feature subsets from the three feature selection
methods mentioned earlier are presented in Table 5.3 and Table 5.4 in terms of mean

and minimum estimation differences.

Upon evaluating Table 5.3, it is apparent that when the base configuration of an ANN
is utilized, FFS features demonstrate superior accuracies compared to other

configurations. Interestingly, a significant increase in errors occurred when two hidden
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layers were utilized, along with 50 neurons. Additionally, the distance error doubled
when features from the FFS method fed an ANN with two layers and 100 neurons
instead of one layer. This dramatic increase was not observed with embedded methods,

demonstrating their robustness to changes in the number of neurons and layers.

Table 5.3 : The results of ANN performance with chosen feature selection methods
for different hidden layer configurations.

(Neuron=100,

Error Definition Data  (euron=s0, - (Neuron=100, = gyers=1)
Layers=2) Layers=2)
(Base)
Train 14543 123.39 55.59
Mean Distance Error (m)
b Test 14595 131.39 60.3
m
Train 14009 68.25 38.8
Min. Distance Error (m)
Test 14086 86.31 45.05
Train 148.33 97.56 79.65
Mean Distance Error (m)
2 Test 154.87 103.89 85.86
<
- Train 76.61 67.00 47.83
Min. Distance Error (m)
Test 85.65 74.93 49.52
Train 102.18 74.65 71.73
Mean Distance Error (m)
Test 109.15 79.18 77.82
2
Train 78.77 57.81 56.00
Min. Distance Error (m)
Test 92.39 58.79 62.10

On the other hand, with the change of activation function, better estimations were
achieved for embedded methods as indicated in Table 5.4. The average distance error
when the Random Forest features feed the ANN configured with the Tanh activation
function became similar to the results of FFS features. Moreover, features selected by
both Lasso and RF methods led to decreased estimation errors and better alignment

with the test data when considering the best ANN results.
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Table 5.4 : The results of ANN performance with chosen feature selection methods
for different activation functions in the hidden layer.

Error Definition Data éealg(l;) Sigmoid Tanh
Train 55.59 72.03 59.55
Mean Distance Error (m)
Test 60.3 77.79 65.83
i
Train 38.8 38.98 41.8
Min. Distance Error (m)
Test 45.05 46.82 43.46
Train 79.65 80.55 66.63
Mean Distance Error (m)
®) Test 85.86 87.51 72.77
% _
- Train 47.83 54.92 38.54
Min. Distance Error (m)
Test 49.52 56.62 43.5
Train 71.73 92.45 57.75
Mean Distance Error (m)
Test 77.82 101.3 63.76
i
Train 56.00 58.61 36.52
Min. Distance Error (m)
Test 62.10 56.96 38.37

The study also examined how introducing noise affected the accuracy of the analysis.
For this purpose, white noise was added to the recorded current signal to create new
datasets. The estimation results of ANNs were then calculated for three different sets
of features derived from feature selection methods. The impact of noise on the
performance of the ANN is presented in Table 5.5.

The results showed that the average and minimum errors increased in the presence of
noise. Moreover, the accuracy difference between training and testing data
significantly increased when all features were considered. This result indicates an
overfitting. However, this difference was insignificant when only offered features
were utilized in the ANN.
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Table 5.5 : ANN performances in base configuration with noise.

Mean Difference Minimum Difference
Feature Selection Error (m) Error (m)
Method
Train Data Test Data Train Data Test Data
No Feature Selection 110.44 602.43 93.78 617.63
Lasso 242 .93 345.25 221.86 330.87
RF 205.52 270.30 190.79 266.43
FFS 185.36 324.77 171.46 319.68

5.4 Discussion and Conclusion of Feature Selection Study in HIF Localization

Based on the literature, ANN, a popular machine-learning method, is widely used for
addressing HIF localization problems. Thus, this study employed ANN to localize
HIFs by examining various subsets of features derived from different feature selection
techniques. The performance of these feature selection methods was evaluated based
on the feature subsets they provide, which included varying numbers of the most
relevant features. Additionally, subsets containing lower-ranked features, considered
irrelevant, were also analyzed. Feature selection methods were categorized and

examined within their classes before being compared to others.

Filter methods had the lowest computation time for ranking the importance of features
since they evaluate each feature independently of any regressor. These methods
generally provide initial insights into the dataset with favorable results. However, their
independent evaluation of features, rather than feature subsets, can lead to less
effective results when combining several highly ranked features. Additionally, some
filter methods may not align well with the chosen machine learning algorithms, as
demonstrated by the Fisher method outlined in this paper. A combination of lower-

ranked features yielded better results in the Fisher method.

On the other hand, other evaluated filter methods, such as the Anova-F and RReliefF
algorithms, extracted more reliable information on discriminating between relevant
and irrelevant features. The RReliefF method demonstrated superior capability in
filtering out irrelevant features compared to the Anova-F method. Using only the

highest-ranked feature resulted in better accuracy comparing utilizing the 20 lowest-
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ranked features in the RReliefF approach. Both algorithms reached their highest
accuracy utilizing 14 features, exhibiting lower distance errors than those generated

by the ANN when all 40 features were applied without any selection.

Wrapper methods are regarded as superior feature selection methods in offering the
best subsets of features in terms of accuracy when the learning method and its
configuration remain unchanged. However, they have longer computation times
compared to other methods. Tested FFS and BFE techniques in this category yielded

first and second-best results with the highest execution times.

Embedded methods are placed between these two approaches in time and error
distance. The average results from the RF method closely matched those from the
backward feature elimination method, even without optimizing their hyperparameters.
Additionally, the Lasso method yielded the best results using the fewest features,
whereas the others produced higher errors with the same top-ranked features. Although
the feature subset obtained from ETR produced lower results compared to using all
features, it cannot be stated that its best feature subset selection is superior to the
Anova-F and RReliefF methods when considering distance error and execution time.
When combinations of low-ranked feature subsets are examined, it is observed that the
rankings from RF and ETR result in superior differentiation of irrelevant features

compared to filter methods.

The effectiveness of three feature selection methods was analyzed using various
configurations of ANNSs, in addition to evaluating these techniques with a single ANN
structure. The first evaluation involved changing the number of epochs. As the number
of iterations increased, the distance errors decreased for all feature subsets, as
expected. Up to 100 epochs, no significant differences in errors were observed between
using features from embedded methods and using all features. Furthermore, the
estimations of the ANN trained with RF features improved substantially with an
increase in the number of iterations. In contrast, FFS produced lower errors than others
with a smaller number of epochs. All tested feature selection methods performed better
than using all features, but the RF method achieved the best results at the highest

number of iterations.

After the epochs, the impact of changes in activation function and layer configuration

was investigated. FFS features cause a significant increase in errors when there are
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changes in the layer configuration within the ANN structure. It is believed that this is
due to the dependency of wrapper methods on the learning algorithm and its
configuration when choosing feature subsets. For the same reasons, the highest
accuracy is accomplished when the base structure of ANN is utilized to test selected
features. While the accuracies of the Lasso and RF methods varied with layer

configuration, substantial changes were not observed, unlike in FFS.

On the other hand, both wrapper methods outperformed the FFS method when
considering the best ANN results in different activation functions. The ANN structure
with the tanh activation function led to the achievement of minimum errors. It's also
important to note that optimizing the learning algorithm parameters could enhance the

results of wrapper feature selection methods.

Along with the overall assessment of feature selection methods, their performance was
investigated in noisy environments. The findings indicated that the accuracy of the
algorithms decreased in the presence of noise. Moreover, overfitting occurred when
the feature selection method was not considered. These outcomes highlight the
importance of applying denoising techniques and feature selection methods to achieve

improved results with noisy data.
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6. PROPOSED HIF LOCALIZATION METHOD IN BRANCHED
DISTRIBUTION NETWORK?

Fewer studies have focused on the localization of HIFs compared to their detection, as
mentioned earlier. Although considerable research efforts have been dedicated to this
issue, a universal solution that can be applied effortlessly and effectively in all
situations for locating such faults is still lacking. Based on the studies conducted in
Chapter 5, using a feature selection method may improve the accuracy of fault
localization. However, these feature selection methods need to be applied to each
specific network since the characteristics of different networks can vary, affecting the

importance of each feature.

Therefore, a methodology that can identify the branch of HIFs in the distribution
network and determine its location precisely is proposed within the thesis. Due to the
lower accuracy of impedance-based methods compared to other techniques, which
depend heavily on network parameters, a combined approach utilizing the traveling
wave method and machine learning has been proposed. The goal of this combination
was to address the drawbacks of both methods mentioned earlier. A discrete wavelet
transform was applied to obtain traveling waves, while an Artificial Neural Network
was selected as the base machine learning method due to its popularity in published

HIF localization studies.

The proposed method has undergone numerous tests considering various inception
angles and load variations to prove its robustness and effectiveness. The presence of
shorter lines and multiple branches results in increased reflections and refractions,
which negatively impact the accuracy of the studies. Thus, the proposed method was
evaluated on IEEE 13 and IEEE 34 bus distribution networks using Matlab/Simulink

2 This chapter is based on the following publication: Baharozu, E., llhan, S., and Soykan, G. (2024).
A Data-Driven-Based High Impedance Fault Location Method Considering Traveling Waves in
Branched Distribution Networks, IEEE Access, 12, 186535-186546.
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environments. Additionally, a comparative analysis was conducted on another test

benchmark by comparing the results of the proposed method with other methods.

In the following, the basic concept of traveling waves and a detailed explanation of the
proposed approach were presented. The details of the distribution system and several
test cases are explained. Afterward, the findings from the simulation results are

discussed in detail.

6.1 Theory of Traveling Wave Methods for Fault Localization

The concept of traveling wave techniques relies on high-frequency transient signals of
voltage and current generated by faults. These transient signals propagate from the
fault location in both directions toward the terminal bus. Specifically, by measuring
the time difference between the first peak and later wave peaks at the terminal bus,
along with information on the propagation speeds of both aerial and ground modes,
one can calculate the fault distance. In the following sections, terminology related to
traveling wave methods and the procedures employed in conventional traveling wave

techniques were described.

6.1.1 Propagation speed

The velocity of a traveling wave propagates near the speed of light. Therefore, a high
sampling frequency is required for the precise evaluation of waves. The propagation
speed of a traveling wave along a power line is determined fundamentally by the
network characteristics of inductance (L) and capacitance (C). The formulation of

propagation speed is expressed quantitatively in (6.1).

V= (6.1)

1
VLC
6.1.2 Reflection and refraction of waves

When waves travel along a line and encounter a discontinuity, such as an open circuit,
a short circuit, or a change in the line's impedance, the energy of the incident wave is
distributed. A portion of the wave is transmitted (refracted) through the discontinuity,
while the remainder is reflected toward the source. An illustration of these waves is

presented in Figure 6.1. This behavior can be quantitatively described by the reflection

84



and transmission (refraction) coefficients, which are essential for analyzing wave
propagation.

Incident Wave
Transmitted Wave

| /
oy "

Reflected Wave

Z

Figure 6.1 : lllustration of transmission and reflection waves at discontinuity.

The reflection coefficient (I') measures the strength of the reflected wave compared to
the incoming wave, while the transmission coefficient (T) indicates the strength of the
transmitted wave. The relationship between these coefficients is determined by the
conservation of energy, which states that the summation of the reflected and
transmitted waves must be equal to the incoming wave. The coefficients can be

calculated as:

Reflection Coefficient (I') = — 2 6.2
eflection Coefficien .
) 7.+ Z, (6.2)
I ission Coefficient (T) = 24 6.3
ransmission Coefficient (T) ) 3 (6.3)

Here, Z1 and Zz represent the line's characteristic impedances on either side of the

discontinuity.

6.1.3 Fault location with traveling wave method

As mentioned above, traveling wave methods rely on the propagation of the signal. They
can be divided into two categories: active, and passive methods. The classification is
determined based on how the wave pulse is generated. While the traveling wave pulse
occurred by fault is used in the passive method, the pulse is injected in the active method
to obtain waves and find the fault location [177]. In both cases, high-frequency transient
signals called waves propagate along the line and reflect at terminals and the fault
location. By analyzing the arrival times of these waves and calculating their propagation
speed, it becomes possible to determine the distance to the fault. Based on this approach
two distinct applications of the traveling wave method exist depending on the number
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of measurement devices employed [178]. The single-ended method utilizes only one
measurement device located at the source of the network. Conversely, the double-ended
method requires multiple measurement devices placed on different buses. Therefore, the
double-ended method uses several synchronized devices to locate faults whereas the
single-ended methodology eliminates the requirement for communication between
measurement devices, resulting in reduced costs. This technique involves detecting the
arrival of the first traveling wave induced by a fault and recognizing the wave's reflection
from the site of the fault. Afterward, the time interval between the original wave and the

reflected wave is used to pinpoint the exact location of the fault.
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Figure 6.2 : The Bewley Lattice diagram for fault located in (a) the First and (b) the
Second half of the line.

The Bewley Lattice Diagram for a fault located in the first and second half of a line is
illustrated in Fig 5. Based on the fault location, calculation equations for fault distance
change. When faults occurred at a distance shorter than halfway along the line, the
equation used to determine the fault location is presented below.

X = %vr(tz —t1) (6.4)

In this formulation, v represents the speed of the wave, t denotes the inverse of the
sampling frequency, t1 indicates the time of the first wave, and t2 refers to the time of

the reflection wave to reach the measurement point from the fault point.

When faults occur at a distance longer than halfway along the line, the equation used
to determine the fault location changes to below.
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1
X =Len — EVT(tz —t;) (6.5)

Here, Len represents the total length of the line.

6.1.4 Clarke transformation

Since electromagnetic coupling between conductors of three-phase lines results in
different propagation speeds, the arrival times of waves used to calculate fault location
cannot be determined precisely from phase signals [179]. Therefore, a modal
transformation is employed in traveling wave methods to address this issue by
decoupling phase signals into aerial and ground modes. Clarke, Karrenbauer, and
Wedepohl transformations are commonly applied in traveling wave methods to obtain

aerial and ground modal values [180].

This thesis utilizes the single-ended passive traveling wave method with the Clarke
Transformation technique. The equation for Clarke Transformation [181] is provided
below in (6.6).

1 1 1
I 22y
a 2 a
Igl == E _ﬁ Iy (6.6)
3
I 2 2111,
1 1 1
L2 2 2

Where Ia and I are alpha and beta aerial mode components and 10 is the ground mode

component.

6.1.5 Signal processing in the time-frequency domain

Traveling wave methods utilize high-frequency signal elements to identify the location
of faults. Therefore, techniques revealing information regarding the variations in
frequency over time are required for traveling wave approaches. In this regard, The
Short Time Fourier Transform (STFT) and the Wavelet Transform could be used since
both define signals in the time and frequency domains. Discrete Wavelet Transform
for signal analysis is used in this thesis. Since it is explained in previous sections, it is
not detailed in this subsection once more.
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6.2 The Proposed Method

Using traveling wave and ANN methods, a localization method for HIFs on the

distribution network is proposed in the thesis. This method consists of five main steps.

Here is a description of each step:
Step 1: Creating an initial dataset

Firstly, the distribution network model with frequency-dependent line models should
be created in the simulation environment. Then, on this model, HIFs should be created
with a modeling technique at different locations in the distribution network, and

current waveform data should be recorded for each fault condition from the substation
point.
Step 2: Processing initial dataset

In Step 2, Clarke transformation is applied for the measured current signals to obtain
alpha aerial mode components. Afterward, a one-level discrete wavelet transformation
was applied to signals to extract the time-frequency transient components on aerial-
mode traveling waves that occurred due to HIFs. While Figure 6.3 shows the current
signal shapes related to the aerial mode of the traveling wave signal during HIF, the

part of transient components of this signal obtained by DWT are given in Figure 6.4.
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Figure 6.3 : Aerial mode of faulty phase.
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Figure 6.4 : Transient components of aerial mode signal after DWT is applied.

Step 3: Selecting and numbering traveling waves
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Figure 6.5 : Selected waves with their coordinate and magnitude information in DWT
applied aerial mode of sample faulty signal.
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In branched distribution networks, a high number of traveling waves is generated after
a HIF due to reflections and refractions. ldentifying each reflected and refracted
traveling wave is quite challenging, so the proposed method offers to select a specific
number of traveling waves to determine the fault location. Since the generated
traveling waves depend on the total number of branches in the distribution network,
the number of waves to be selected is taken as one less than the total number of
branches. Once the number of waves to be selected is determined, they are chosen
from the signals obtained by DWT based on the magnitudes of the wavelet coefficients
at both polarities. The wave with the highest magnitude is selected as the first wave,
followed by the second-highest, and so on, in descending order, until the desired
number of waves is selected. In addition, the coordinate values of selected waves are
kept in @ CORD array. Figure 6.5 illustrates the numbering of selected waves in a
faulty current signal in a network with five branches. Here, the coordinate numbers of
four illustrated waves are recorded and assigned to the CORD array.

Step 4: Preparing input arrays for ANN

This step involves creating a binary representation of the traveling waves in the form
of an array called POS. This array will be used as input in the training process of an
ANN to determine the branch and location of the fault. The phases and array equations

of this step are given below.

1. Before filling the POS array, construct an additional array DIF, using the
elements of the CORD array.

2. The elements of the DIF array are computed by subtracting each selected

wave's coordinate number from the initial wave's coordinate number.

3. Create an array of zeros, called POS, based on the highest computed element

of the DIF array to account for all selected waves.

4. Use the elements of the DIF array to fill the elements of the POS array with
one. If the value of an element in the DIF array is equal to the index of the POS

array, assign one to the corresponding element in the POS array.

DIF(i) = CORD(i) — CORD(1),  for1<i<n 6.7)
POS(j) = {é if j==DIF() for1<i<mn o< max (DIF(D)) (6.8)
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Step 5: Applying ANN to find the fault location and its branch

In this step, the ANN undergoes the training phase using a supervised learning
algorithm that involves backpropagation. For this purpose, the arrays generated in step
4 are submitted to train the neural network. After the training stage, ANN will be
utilized. When the HIF is detected in the network, a POS array will be created and
given to trained ANN to accurately determine the fault location and identify the branch

of the network where the fault occurred.

Figure 6.6 illustrates the structure of the proposed method for the HIF localization
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Figure 6.6 : Structure of proposed method.
6.3 Simulation Cases

The proposed method has been tested on three different distribution networks. The

primary simulations were conducted on the IEEE 13 bus test benchmark radial
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distribution network, as shown in Fig. 6. Besides, the IEEE 34 bus network was used
to test the method's effectiveness on a larger network. In addition to these systems, 14
bus distribution network was considered for comparative analysis. These selected test
systems are heavily unbalanced and consist of several branches. Moreover, the length
of the branches and network are considerably small in the IEEE 13 test benchmark for
applications of traveling wave methods. The test networks were simulated using
Matlab/Simulink software with frequency-dependent line models. Since the IEEE 13
and IEEE 34 bus networks consist of sections shorter than 100 meters, the minimum
sampling rate should be 3 megahertz (MHz). However, to avoid overlapping in
reflections and refractions while choosing peak waves, a sampling rate of 10 MHz was
chosen on a 60 Hz base frequency. Even though smaller sampling rates can be used
for larger networks, advancements in technology have significantly enhanced the
capability to capture signals at sampling rates of 10 MHz in field applications. High-
performance microprocessors now facilitate the effective acquisition of data at these

elevated frequencies.
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Figure 6.7 : IEEE 13 bus test benchmark.

In the realm of power system analysis, high impedance faults have been a topic of
significant interest for researchers. Over the years, several models have been proposed
to represent the distinctive characteristics of HIFs. The electric arc, which occurs in
the HIFs, generates specific features in the HIF's current waveform. Furthermore, the
electric arc leads to asymmetry between the positive and negative half-cycles of the
signal and results in non-linear behavior between voltage and current at the fault point
[92]. Therefore, the study used the HIF model presented in [29] to represent the

mentioned characteristics.
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Voltage sources and limits of resistor values were taken from [51] for the IEEE 13 bus
test system, and from [182] for the IEEE 34 bus test system. The following items show

the situations considered in the simulations:

e The method for pinpointing the HIF location assumes that the HIF has already

been identified.

e Datasets were created by applying HIFs in the network with randomly

assigned fault resistances and different inception angles.

e HIFsare placed on each bus and every 500m between the buses if the distance

exceeds 500m.

e The magnitude of resistance was selected by considering uniform distribution

while adhering to the limits specified in the references [51] and [182].

e The starting time of the fault was changed 16 times in a cycle slot (each 22.5
degrees) for each fault location to create various inception angles. The ANN
in the proposed method was trained using 70% of all input data, while the

remaining 30% was used for testing.

The proposed scheme was tested on different networks with several sensitivity
analyses to demonstrate its robustness. The accuracy of faulty sections, the difference
between actual and estimated fault distances, and their error percentages were
evaluated in the study. Subsequently, the ANN was run 50 times for each analysis, and
the averaged results were presented below in subtitles. For the analysis of the results,
section accuracy was calculated by (6.9), and errors were calculated by (6.10) and
(6.11):

Number of Accurately Identified Sections

Accuracy (%) = [ ]x 100 (6.9)

Total Number of Cases

Calculated Distance — Actual Distance

Error (%) = [ ] x100  (6.10)

Actual Distance

Error (m) = [Calculated Distance — Actual Distance] (6.11)
The steps of the method are illustrated with an example to enhance the
comprehensibility of the proposed methodology before presenting the simulation

results. After capturing the current waveforms on the source side in step 1, a Clarke

transformation is applied to the signal. This results in the aerial modes of the fault
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signal, as depicted in Figure 6.8. Then, the DWT is applied to the aerial mode current
signal to obtain the traveling waves in step 2. Afterward, the first four waves with the
highest magnitudes are selected from the DWT-processed aerial mode signals, as
presented in Figure 6.9. The initial wave peaks at point 414699, while the second,
third, and fourth highest waves peak at points 414707, 414744, and 414817,
respectively. These values are used to create the CORD array in step 3, as
demonstrated in Figure 6.10. By subtracting the first element value from each of the
subsequent elements within the CORD array, the DIF array is created using the
procedures outlined in step 4. Based on the CORD array, element values of the DIF
array are assigned to 0, 8, 45, and 118 as shown in Figure 6.11. Then, the size of the
POS array is set to 118, and a value of 1 is assigned to the array indexes of 0, 8, 45,
and 118 to signify particular points of interest within the dataset. Figure 6.12 and
Figure 6.13 provide visual representations of the constructed POS array. This array
and additional POS arrays generated from remaining fault waveforms are then utilized
to train an ANN with label information of faults’ distance and section. Later on, trained
ANN was utilized to identify faulty sections and estimate the distance to the fault from

the source.
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Figure 6.8 : Alpha aerial mode of faulted current signal.
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Figure 6.9 : DWT applied alpha aerial mode of faulted current signal and selected four
waves having the highest magnitudes.
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Figure 6.10 : Created CORD array based on selected waves.
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Figure 6.11 : Created DIF array based on CORD array.
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Figure 6.12 : Illustration of the created POS array from the DIF array.
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Figure 6.13 : One of the created POS arrays from traveling waves to fed ANN.

6.4 Simulation Results

6.4.1 Sensitivity analysis on IEEE 13 bus test system

The effects of different mother wavelets were evaluated in this part. In the beginning,
ANN was considered one hidden layer with 50 neurons and 100 epochs while the
loading of the network was 100% to make comparisons more clearly. Since the wave
in overhead lines travels near the speed of light (3 x 108 m/s), if the only traveling
wave method is employed instead of the proposed approach, the minimum accuracy
would be around 30 meters with a 10 MHz sampling rate. By calculating the velocity
of the traveling wave based on the line parameters in the tested networks, the minimum
accuracy achieved could be a couple of meters less than 30 meters. Nevertheless, the
proposed method can accomplish higher than the 30 m error, regardless of the mother

wavelets used.
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This study evaluates three distinct families of wavelets: Daubechies, Symlet, and
Biorthogonal at various orders. The selection of these mother wavelets is made by their
reported precisions, as documented in the research [183]. Furthermore, different faults
will primarily impact different sub-ranges of frequency [184]. Therefore, an
appropriate wavelet should be selected for power system transient studies depending
on the waveform shape of the examined signal. Given that the objective is to identify
peaks within transient components, it is anticipated that wavelets characterized by
sharp terminations and minimal oscillation will yield superior results. After testing
several orders of mother wavelets, the most promising ones from their classes are
presented in Table 6.1. The average outcomes in Table 6.1 show that Bior 5.5
outperforms the other tested mother wavelets. Moreover, when considering only the
best result of Bior 5.5 instead of the average results, the distance errors were obtained

as 0.0104 m and 0.0083 m for train and test data, respectively.

Table 6.1 : Results of the proposed algorithm for different mother wavelets in the
IEEE 13 bus test system.

Accuracy of Faulty Location Error of Location Error of Test
Section Train Data Data
Mother
Wavelet : ;
Distance Perc. Distance
0, 0
Perc. (%) (m) %) (m) Perc. (%)
Db4 70.31 11.0474 0.8560 20.7244 1.6562
Sym5 68.82 4.4168 0.3424 26.4214 2.1690
Bior 5.5 76.56 0.0166 0.0016 6.8526 0.6061
Bior 6.8 81.48 3.9342 0.3052 7.8902 0.6908

The effectiveness of the proposed method was assessed through the use of different
ANN configurations, while Bior5.5 served as the mother wavelet, and loading was 100
%. The results presented in Table 6.2 indicate that the accuracy of the proposed scheme
improves as the number of neurons in the hidden layer and maximum iterations
(epochs) increase, particularly for identifying faulty sections. Although the
configuration parameters of ANN could be further optimized through a systematic
tuning process, it is essential to note that all tested configurations resulted in acceptable

performance outcomes.
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Table 6.2 : Results of the proposed algorithm for different structures of ANN in IEEE
13 bus test system.

ANN Structure Accuracy of Location Error of Location Error of
Faulty Section Train Data (m) Test Data (m)
Number of Neurons: 10,
36.41 0.0100 16.7442
Maximum Iteration: 100
Number of Neurons: 50,
) ) 76.56 0.0166 6.8526
Maximum Iteration: 100
Number of Neurons: 50,
99.38 0.0007 6.9694

Maximum Iteration: 500

It is crucial to consider the varied loading conditions in distribution networks to see
how they may impact the performance of fault localization methods. Specifically,
methods that rely on extracted features from fault signals, such as harmonic
information, RMS values, and phase differences, may exhibit instability under
different loading conditions. Even though traveling wave methods are immune to such
changes in the network, the proposed method was tested under 100%, 50%, and 30%
loading conditions. ANN was considered one hidden layer with 500 neurons, while
Bior5.5 is the mother wavelet. Results of the different loading are presented in Table
6.3.

Table 6.3 : Results of the proposed algorithm for different loading in the IEEE 13 bus
test system.

Accuracy of Faulty Location Error of Train Location Error of Test
. Section Data Data
Loading
Perc. (%) Distance (m)  Perc. (%) | Distance (m) Perc. (%)
100% 99.38 0.0007 0.00006 6.9694 0.5909
50% 99.61 0.0004 0.00003 5.4238 0.5168
30% 99.45 0.0005 0.00004 6.0895 0.5419

The proposed method utilized machine learning methods independent of any specific
algorithm. Since the results of the proposed method combined with the traditional
ANN were satisfactory, more conventional learning algorithms were examined for
comparison. The goal was to demonstrate the robustness and effectiveness of the

proposed methodology by evaluating its performance with less advanced learning
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techniques. Therefore, machine learning methods, including Support Vector Machine,
Decision Tree, Gaussian Process Regression, and K-Nearest Neighbors (KNN), were
evaluated. Based on the findings outlined in Table 6.4, ANN vyielded superior results
to others. Additionally, the proposed technique consistently produced acceptable error
margins from distribution power utilities regardless of the machine learning method
tested. These results support the suitability of the proposed approach for other machine

learning and deep learning methods.

Table 6.4 : Results of proposed algorithm for different machine learning methods.

Machine Learning Accuracy of Faulty Location Error of Location Error of Test

Methods Section (%) Train Data (m) Data (m)
SVM 99.44 <10e-3 20.1273
DT 99.38 <10e-3 13.1379
GPR 98.65 <10e-3 89.9422
KNN 96.67 7.0965 34.7367
ANN 99.38 <10e-3 6.9694

6.4.2 Performance of the method in IEEE 34 bus test system

The method's robustness was tested with the larger network in the study. For this aim,
the IEEE 34 bus test system was utilized. An analysis was conducted with ANN using
varying numbers of neurons, with Bior5.5 as the mother wavelet, 100 epochs, and

100% network loading. The method's performance is detailed in Table 6.5.

Table 6.5 : Results for IEEE 34 bus test system for different numbers of neurons.

Accuracy of Faulty Location Error of Train Location Error of Test
Section Data Data
Number of
Neurons Perc
Perc. (%) Distance (m)  Perc. (%) | Distance (m) % )'
500 95.44 9.9746 0.0174 29.689 0.0515
50 95.51 9.7155 0.0169 42.5568 0.0738

According to the results indicated in Table 6.5, the method presented in the study

demonstrated high precision and accuracy when applied to the IEEE 34 bus test
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system. On the other hand, fewer neurons slightly reduced the accuracy of the

estimated fault locations.

6.4.3 Performance of the method in extreme conditions

The performance of the method might be less effective in networks having extreme
conditions such as overloading. To show the proposed method's applicability and
robustness, a loading of 150% was applied to tested IEEE networks to evaluate
extreme conditions. Such loading causes a reduction in the ratio of fault current to
nominal loads and subsequently results in fewer disturbances in the signals due to fault.
Therefore, it is a good case for testing the method's effectiveness. Findings from the
test results are shown in Table 6.6. The outcomes indicate that the proposed method
establishes high accuracy in distinguishing faulty sections and estimating fault

distance even under extreme loading conditions.

Table 6.6 : Results of the proposed algorithm for extreme loading conditions in IEEE
13 and IEEE 34 bus test systems.

Accuracy of Faulty] Location Error of Train Location Error of Test
Section Data Data
Perc. Distance Perc. Distance Perc.
Network
(%) (m) (%) (m) (%)
IEEE 13 Bus 99.11 0.0017 0.00016 8.3657 0.6485
IEEE 34 Bus 95.43 9.9725 0.0183 34571 0.0825

6.4.4 Comparative analysis in 14 bus test system

This section presents a comparative analysis of the proposed methodology with
previously published methods to demonstrate its efficacy. ANN was considered one
hidden layer with 50 neurons and 100 epochs while the loading of the network was
100%. The tests were conducted under identical conditions employing the network
(Figure 6.14) disclosed in [185]. Subsequently, the outcomes were compared with
those of [185], [133] and [150]. In Figure 6.15, 1M refers to a single measurement,
and 3M stands for three measurements. In other words, results in the method [150],
while using three different measurements to locate the fault, were represented as 3M.

According to the results presented in Figure 6.15, the proposed method displayed
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significantly lower errors than the compared methods. When considering only one

measurement, the superiority of the proposed method became even more evident.
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Figure 6.14 : Small test system used for validation of the proposed method [185].
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Figure 6.15 : Comparative analysis results.

6.5 Simulation Outcomes

The thesis proposes a new methodology to identify the location of high impedance
faults in distribution networks accurately. The proposed method comprises two main
steps by using both traveling waves and ANN. The first step involves identifying
several traveling waves with higher magnitudes from current signals recorded at the
substation and creating an input array based on these waves. In the second step, the

method uses ANN to compute the distance of the fault from the source and determine

the related section of the fault.

101



Thanks to the proposed methodology, the fault distance and identification of the faulty
branch were determined using a single machine learning method. The performance
and robustness of the method were tested on IEEE 13, IEEE 34, and 14 bus test
systems, considering several factors such as load imbalance, changes in resistance, and
variation in inception angle. The outcomes of all tested scenarios indicate satisfactory
performance, with an error rate below 1%. Furthermore, the proposed method achieved
higher precision compared to the direct use of the traveling wave method at the same

sampling frequency.

The dependability and efficacy of the proposed methodology were investigated by
utilizing other less advanced learning techniques instead of ANN. The results indicated
that the proposed method yielded acceptable error levels, regardless of the machine
learning technique. These findings validate the applicability and efficiency of the
proposed method across different machine-learning approaches. Additionally,
utilizing more advanced and recent learning algorithms within the proposed method

can lead to more precise and accurate prediction results.

Furthermore, a comparative analysis was performed on the 14 bus test system,
demonstrating the exceptional performance of the proposed methodology. All these
findings can be interpretable as a significant advancement in the field, providing a

more efficient approach to locating HIFs in power systems.
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7. CONCLUSIONS AND RECOMMENDATIONS

Traditional protection equipment can detect various faults; however, high impedance
faults often go undetected due to their low fault currents. These faults occur when a
broken live conductor comes into contact with the ground or when surrounding
vegetation leans against a live conductor. In both cases, a high-impedance path is
created, resulting in barely noticeable changes in the power signals. As a result, HIFs
can last for long durations without detected. Additionally, the arcing during such faults
can cause severe risks, including the potential for fire and injury to a person who
touches a broken conductor while it is still energized. For these reasons, researchers
have concentrated on HIFs to develop definitive methods for identifying and locating
all instances of these faults. Despite these efforts, a universal solution is still lacking.
As a result, the thesis searched for an economical and practical solution, particularly

for the localization of HIFs, while also improving the comprehension of HIFs.
The main contributions of the thesis are summarized as follows,

e The thesis emphasizes the importance of comprehensively understanding the
characteristics of high impedance faults to enable accurate detection and
location. Therefore, high-voltage experiments were performed at the
distribution level, focusing on analyzing faulty signals derived from various

types of HIFs.

e An extensive review of existing literature concerning HIFs was conducted to
classify the various methodologies utilized in this field. This review aimed to
highlight the strengths and weaknesses of different approaches while
identifying significant gaps in the current understanding and research related
to HIFs.

o Different distribution networks were utilized to evaluate the performance of
detection and localization methods, ensuring they reflect real-world conditions

with branches and unbalanced loads. Additionally, simulations of distribution
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events that replicate the characteristics of HIFs were carried out to validate the

efficacy of the detection algorithms.

The thesis involved an evaluation of two different published HIF detection
methodologies and their features within machine learning techniques,
comparing the results to verify the effectiveness of methods by considering

with and without experimental HIF signals.

The gap in the existing HIF localization studies concerning the lack of feature
selection strategies and comparative analyses between various feature subsets
is found. Thus, the thesis investigates the effects of different feature selection
methods on HIF localization and evaluates these methodologies based on their

error distance.

A novel approach integrating the traveling wave method with an artificial
neural network was proposed to determine the fault distance and identify the
faulty branch using a single ANN. The effectiveness and robustness of the
technique were tested on IEEE 13, IEEE 34, and 14 bus test systems
considering several factors, including load imbalance, changes in resistance,
utilization of different learning methods, and variation in inception angle. The
outcomes of all tested scenarios indicate satisfactory performance, with an
error rate below 1%. Moreover, the comparative analysis validates the

exceptional performance of the proposed methodology.
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APPENDIX A: Modeled Networks

The simulation studies were conducted on the IEEE 13, IEEE 34, and 14 bus test
systems. HIFs were simulated at various locations within the modeled networks. All
modeling and analysis were carried out in the Simulink environment. The modeled

networks are illustrated below in Figure A.1, Figure A.2 and Figure A.3, respectively.
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Figure A.1 : Modeled IEEE 34 bus test system in Simulink.
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Figure A.2 : Modeled IEEE 13 bus test system in Simulink.

125




=

-

o

| Freuency Freuency Freuency
Cuapandent Daperdem Cuapandent

800

ap o ———

&2

e

B g Z1

ey
77T R
Deperdenn

[135 135 135]*1e3 W
(105 105 105]*1e3 var
Qe=(0 0 0) var
544 Yo 22

Frequency

P= (135 135 135)*1e3 W
QI=[105 105 105]*1e3 var

P= (135 135 135]*1e3 W
QI=(105 105 105]*1e3 var

Qe=[0 0 0] var Qe=[0 00) var
B44 g 23 B44 Yg Z4
Lttt A1
dc =

Frequency
Dependert

Freuency
Depardem

Frequency

1

Frequency
Deperdert

< 5 U
&4 ¥g Z5
= |P= (135135 135)*Le3 W

=[0 0 0] var

105 105 105]*1e3 var

Dapanden

Frequency
Dapardent

] 4

]
BHYGZ
= |p= (135 135 135]*1e3 W

(105 105 105]*1€3 va
Qe=[00 0] var

Figure A.3 : Modeled 14 bus test system in Simulink.

126




APPENDIX B: Verification of Modeled Networks

Frequency-dependent line models were employed in the simulations to achieve more
accurate modeling. This detailed modeling incorporated phasing, spacing, and
conductor information, including impedances, outside diameter, and geometric mean
radius. An example of the line data from the IEEE 13 bus test system is presented in
Figure B.4. Based on the entered parameters, the resistance (R), inductance (L), and
capacitance (C) values were calculated per kilometer at 60 Hz. These computed
parameters were compared with the published ones listed in Table B.1 to verify the
accuracy of the impedance values. This comparison reveals that the two sets of values
are very similar, indicating that the modeling of the line parameters is correct.

Although one example is provided in this section, the same verification was conducted

for all line models.

Figure B.4 : An example of line parameters for frequency dependent line models.

4. Power Line Parameters Tool. - MAT file : IEEE13BuS_602_500feet_final.mat*
Load Save Report Help
CAB ‘General Parameters
4/0 6/1 ACSR conductor. 3 phase
One neutral 4/0 6/1 ACSR conductor. Units: | english v
Ground Resistivity (ohm.m)- 100
Nominal Frequency (Hz) 60
Line Geometry
Phase conductors (bundles) | 3
Label  Phase Number | X (ft) Y tower (ft) Y min (ft) Conductor type
1 p1 E -35 28 28 1
2 p2 1 -1 28 28 1
3 p3 2 35 28 28 1
Ground conductors (bundles): 1
Label  Phase X (f) Y tower (ft) Y min (ft) Conductor type
1 g1 0 05 24 24 1
Cenductors
Internal conductor inductance evaluated from;
Conductor types: 1 | include conductor skin effect | Geometric Mean Radius (GMR) v
Dout(inches) TDrato  GMR (inches) DC res(Ohmsimile)  unused Nb_cond
1 0.563 0333 0.09768 0.592 1 1

3

Fregquency-Dependent Line Parameters

Frequency Range

Logspace (Hz): | [-2.5141]

Line Length (km): 0.1524

Computed Parameters

1. RLC matrices, at 60Hz
R_matrix (ohm/km) =
046768  0.09800

009800 046445
0.09671 0.09517

0.09671
0.08517
0.46200

L_matrix (Hikm) =
000195  0.00070

000070 000198
000083  0.00064

0.00083
0.00064
0.00200

C_matrix (F/km) =
9.39973e-09

-1.78412e-09
-2.78828e-09

-1.78412e-09
854289-09
-1.086592-09

-2.78828e-09

-1.08659e-09
8.94721e-09

2. Positive- and zero-sequence parameters at 60Hz:

[R1,R0] (ohm/km) = [0.36808 _0.65796]

Block: || power_13NodeTestFeeder_FDLine_no_ground/Distributed Parameters

Table B.1 : Published RLC values from the literature.

0.4676 0.0982 0.0969
R Matrix (ohm/km) | 0.0982 0.4645 0.0954
0.0969 0.0954 0.4621
0.0019 0.0007 0.0008
L Matrix (L/km) 0.0007 0.0020 0.0006
0.0008 0.0006 0.0020
9.393e-9 -1.783e-9 -2.786e-9
C Matrix (F/km) -1.783e-9 8.537e-9 -1.086e-9
-2.786e-9 -1.086e-9 8.941e-9
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Upon validating the impedance, the confirmation of the network modeling was
conducted by comparing the load flow results for all the studied distribution networks.
Figure B.5 and Figure B.6 provide an example comparison of the IEEE 13-bus test
system. As depicted in the figures, the voltage measurements at the same buses,
calculated using the model with frequency-dependent lines and the pre-existing model
utilizing pi lines, are nearly identical. This finding verifies the precision of the

modeling.

A Reseasass  sasssaas R— srasssshCesnsasas | acdffespibntaless
V(pudeg.) 1.8210 -2.49 L0 -1 Led ure3 | 1.ese -2

Gen (kW kvar) 1228.76  684.57  089.42  340.88  1308.75 591.42  3517.93 153.86
PO load (kW kvar)  8.50  5.00 33,00 19,00 58.50  34.00  100.00  58.80
7 shunt (kW kvar)  -B.00  -0.00 000 0.00 0.0  0.00 .00  0.00

=¥ 633 (kb kvar) 163.22  115.45 121.93 91.211 122.14 93.32 497.29  301.98
=» 671 (kW kvar) 1057.84  484.12 491.20  100.72 1948.45  326.11 2586.60  918.95

=» 645 (kb kvar) 3.9 12794 79.66 137,99 413,95  285.93
633 | eemeeees L e LELLE - ZECETEEE semmemeafennnaaan ---Y1--PQtotal---
V (pu deg.) 1.0180 -1.55 l.ea8l  -121.77 1.0148  117.83 1.0243 -2.16

Gen (kW kvar) .69 8.80 8.8 .00 0.00 0.8 .09 a.80

PO load (ki kvar) -9.69 -8.00 0.0 .00 -0.00 -9.80 -0.00 -0.00

I shunt (kW kvar) -8.04 0.00 -0.08 -@.84 -9.08 .00 -8.80 0.00

- 632 (kW kvar) -162.86 -114.93 -121.78  -92.95 -121.84 93,07 -406.48  -308.95
-» 634 (kW kvar)  162.86  114.93 121.78 92,95 121.84 93.97 486,48 308.95

57 S [ — Asseessne  mmsesses Brsorsee  smesenar S -=-V1--PQtotal---
V(pudeg) 09939 3.3 10207 12222 0.9950 117.35] 1.0038  -2.70
Gen (kW kvar) 0.0  0.00 0.00 0.0 0.00  0.00 0.0 0.00

Figure B.5 : IEEE-13 buses network (pi line).
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632 B R B ---V1--P(total ---

V(pudeg.) 1.0210  -2.49  1.0420 -121.72  1.0174  17.83] l.em8 -2

Gen (kW kvar) 1228.92 664.61  980.47 341.87  1308.71 591.56  3518.11 1537.24

PQ load (ki kvar) 8.50  5.00 300 19.00 58.50  34.00  100.00  58.00

Ishunt (ki kvar) — -0.00  0.00 0.0 0.00 0.00  -0.00 0.00 0.0

- 633 (kW kvar)  163.23 11548 12191 9321 12216 9330 40730 301,99

-> 671 (kW kvar) 1057.20  484.13 491,27 100,91  1848.40  326.27  259.87 91131

-> 645 (ki kvar) 38,29 127.95 79.65 137.98 413,94 265,93

633 S L wremmeesConnnenns eeeVle-PQtotal -

V(pudeg.) 1.0178  -2.56  1.0402 -121.77  1.0148 117.83  1.0M3  -2.16

Gen (ki kvar) 0.00  0.00 0.00 0.0 0.00  0.00 0.00 0.0

PQ load (ki kvar)  -0.00  -0.00 0.0 0.00 0.00  -0.00 0.00  -0.00

I shunt (K kvar)  -B.00  -0.00 0.00  -0.00 0.00  -0.00 0.00  -0.00

- §32 (kW kvar) -162.86 -114.93  -121,78  -92,95  -121.84  -93.07  -406.48 -300.95

->» 638 (kW kvar)  162.86 114,93 12178 92.95  120.84  93.07  406.48  300.95

634 TR Commnnnns -=-V1--PQtotal---

V(pudeg.) 0.9938  -3.24 10218 -122.22  0.9959 117.35]  1.e038  -2.70

Gen Var B.00 7.0 B0 7. 00 v o0 0.00 0.00
Figure B.6 : IEEE-13 buses network (frequency dependent line).
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